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Abstract 

Hyperspectral (HS) microscopy has emerged as a promising 

modality in biomedical imaging, enabling the capture of high-

resolution spatial and spectral information from biological tissues. 

Its ability to provide non-invasive, label-free, and quantitative 

analysis of microscopic samples opens new possibilities in digital 

pathology and computer-aided diagnosis. HS microscopy retains 

critical biochemical and morphological features in tissue specimens, 

allows for retrospective reanalysis, and generates reproducible high-

dimensional data. These advantages position it as a strong 

complement to traditional histopathological techniques. However, 

despite its potential, the adoption of HS microscopy in routine 

clinical workflows remains limited. Current barriers include 

significant variability in instrumentation, imaging protocols, and 

data processing techniques, which challenge reproducibility, 

scalability, and clinical integration. 

Overcoming these limitations requires a holistic and technically 

rigorous approach, starting with the development and 

characterization of the imaging instrumentation itself. Reliable and 

consistent data acquisition depends on thorough evaluation of the 

sensor’s performance, including spectral accuracy, spatial 

resolution, illumination uniformity, and noise characteristics. 

Establishing these parameters ensures fidelity and comparability 

across imaging sessions and platforms, setting the stage for robust 

downstream analyses. Another critical consideration is the effect of 

optical focus on image quality. HS data is particularly sensitive to 

even slight defocusing, which can distort spectral signatures and 

compromise interpretability. Strategies such as focus quality 

assessment and optimization routines—incorporating sharpness 

metrics, autofocus evaluation, or focus stacking—play a vital role in 

maximizing both spatial and spectral integrity across entire tissue 

sections. 

Equally important is the standardization of sample preparation 

procedures. Variability in histological processing can introduce 

inconsistencies that obscure genuine spectral patterns. In particular, 

tissue thickness has a notable impact on spectral quality and 



 

 

contrast. The adoption of well-defined sectioning protocols, 

informed by empirical evidence, is essential for minimizing inter-

sample variability and enhancing reproducibility, especially in 

studies involving multiple centers or longitudinal datasets. Finally, 

once data are acquired, specific preprocessing steps must be applied 

to prepare the hyperspectral information for meaningful analysis. 

These include background subtraction, spectral normalization, 

denoising, and illumination correction, operations tailored to the 

unique properties of HS microscopy data. Properly implemented, 

these workflows mitigate acquisition artifacts and strengthen the 

reliability of extracted spectral signatures. 

Complementing these technical advancements, this Ph.D. thesis 

presents the development of curated, publicly available HS 

microscopic databases designed to capture real-world variability in 

sample preparation and imaging conditions. These benchmark 

datasets provide a valuable foundation for reproducible algorithm 

development and foster collaboration between computational 

researchers and clinical practitioners, addressing a critical 

bottleneck in the field and accelerating the translation of HS 

microscopy into clinical practice. 

Together, these efforts contribute to the maturation of HS 

microscopy as a reproducible, scalable, and clinically relevant 

imaging modality. By emphasizing standardization, reproducibility, 

and data quality throughout the imaging pipeline, this Ph.D. thesis 

lays the groundwork for future diagnostic assistance tools based on 

HS microscopic technology. These developments are expected to 

facilitate the integration of HS microscopy into both clinical research 

and practice, supporting more objective and precise diagnostic 

decision-making in biomedicine. 
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Chapter 1. Introduction 

1.1 Background 

1.1.1 Cancer Diagnosis 

Cancer remains one of the most pressing global health challenges 

worldwide. In 2022, nearly 20 million people were newly diagnosed 

with cancer and about 9.7 million died from the disease, translating 

to a lifetime risk of roughly one in five individuals developing cancer 

and one in nine men or one in twelve women dying from it [1] . Lung 

cancer is now the most frequently diagnosed malignancy (2.5 million 

new cases, 12.4 % of the total) and the leading cause of cancer‑related 

death, responsible for 1.8 million deaths (18.7 %), with female breast 

and colorectal cancers following closely in both incidence and 

mortality rankings [2]. Among the less frequent but particularly 

devastating forms is brain and central nervous system (CNS) cancer, 

which, despite accounting for only about 1.4% of global cancer cases 

and 2.4% of cancer deaths in 2022, carries disproportionately high 

morbidity and mortality due to its location and often aggressive 

nature [3]. Encouragingly, despite population growth and ageing 

driving up absolute numbers, the global age‑standardized cancer 

mortality rate fell by almost 6 % between 2010 and 2019, and 131 

countries recorded declines, underscoring the impact of 

tobacco‑control measures, vaccination, earlier detection, and 

advances in systemic therapies [4]. 
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The clinical workflow for cancer detection heavily relies on 

imaging modalities such as ultrasound, computed tomography, x-

rays or magnetic resonance imaging [5], which play a crucial role in 

identifying suspicious lesions. However, definitive diagnosis and 

treatment planning depend on histopathological examination of 

tissue obtained through biopsy. While biopsies are a standard 

component of cancer evaluation, their interpretation can be complex 

due to the heterogeneity of cancer types. Accurate identification and 

classification of these types demand specialized expertise [6]. 

Traditionally, histopathological diagnosis has been carried out using 

bright-field microscopy of tissue sections stained with hematoxylin 

and eosin (H&E), a method that has long served as the gold standard 

for examining tissue architecture [7]. The preparation of these 

samples is designed to enhance the visualization of cellular and 

structural details. This intricate, multi-step process involves 

contributions from various professionals across multiple hospital 

departments, each playing a crucial role in ensuring the accuracy and 

quality of the final histological evaluation.  

It begins with sample collection (Figure 1a), which takes place in 

the Operating Room where  tissue biopsies are obtained from the 

patient either during surgery or postmortem [8]. Immediately 

afterward, the fixation step (Figure 1b) is carried out by immersing 

the tissue in formalin to prevent decomposition and preserve cellular 

structures. The samples are then transported to the Pathology 

Department for reception and registration (Figure 1c), where each is 

assigned a unique identification number and logged into the 

laboratory tracking system. Next, a macroscopic examination and 

sectioning (Figure 1d) is performed by a pathologist, who visually 

inspects the tissue to assess size, shape, and any visible 

abnormalities, before cutting representative sections and placing 

them in labeled cassettes. These cassettes proceed to the embedding 

stage (Figure 1e), where technicians dehydrate the tissue with 

alcohol, clear it with xylene, and infiltrate it with molten paraffin 

wax. During block preparation (Figure 1f), the paraffin-infiltrated 

samples are poured into molds and correctly positioned before 

cooling and solidifying into blocks ready for sectioning. In the 

microtome sectioning step (Figure 1g), thin slices of tissue, typically 

2–10 µm thick, are cut and transferred to glass slides. Finally, in the 

staining and mounting process (Figure 1h), technicians apply dyes to 
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highlight cellular structures (e.g., H&E). This involves wax removal, 

rehydration, staining, and dehydration, followed by mounting the 

sample with a coverslip using synthetic resin to preserve it for 

microscopic analysis [6], [9], [10]. 

 

Figure 1.  Histology sample preparation: (a) sample collection, (b) 

fixation, (c) sample reception and registration, (d) macroscopic 

examination and sectioning, (e) embedding, (f) block preparation, (g) 

microtome sectioning and (f) staining and mounting. 

Once the sample is prepared, it enables pathologists to examine, 

under observation in the microscope, cellular and subcellular 

features critical for accurate disease diagnosis [9]. However, this 

technique has several limitations. The use of exogenous stains can 

obscure subtle morphological details, and variations in staining 

protocols, reagent quality, and technician practices contribute to 

inconsistencies in image quality and interpretation. Furthermore, 

visual assessment by expert pathologists remains inherently 

subjective, potentially leading to inter-observer variability, 

particularly in diagnostically challenging cases [11]. The digitization 

of pathology slides through whole-slide imaging (WSI) has 

introduced new possibilities for improving diagnostic accuracy and 

workflow efficiency. WSIs are high-resolution digital 

representations of traditional glass slides, enabling easier storage, 

sharing, and remote consultation [12], [13]. This digital 

transformation has also laid the groundwork for computational 

pathology, a field that combines traditional image analysis 

techniques with modern machine learning (ML) and deep learning 

 a  Sample Collection  b   i ation
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(DL) methods [14], [15]. These computational approaches not only 

facilitate automated and reproducible assessments of histological 

features but also enable the integration of multimodal data, such as 

histopathological images, clinical records, and genomic information, 

offering a more comprehensive understanding of disease processes 

and aiding in prognostic and therapeutic decision-making [16], [17], 

[18]. However, despite these advancements, bright-field microscopy 

remains limited to the visible spectrum and is thus insensitive to 

biochemical features outside this range. To address this limitation, 

alternative imaging techniques are being explored to capture richer, 

label-free information from biological tissues. These emerging 

modalities aim to enhance objectivity, reproducibility, and 

diagnostic precision in histopathological analysis. 

1.1.2 Hyperspectral Imaging  

Our perception of the world is intrinsically linked to the way we 

detect and interpret light. Traditionally, human vision, and by 

extension, most conventional optical imaging systems, has been 

restricted to the visible portion of the electromagnetic spectrum, 

approximately 400 to 750 nanometers (nm). While this spectral 

window allows the observation of color and structural features, it 

constitutes only a narrow segment of the electromagnetic spectrum. 

As illustrated in Figure 2, the full spectrum ranges from high-energy 

gamma rays (<0.01 nm) and X-rays (0.01–10 nm), through 

ultraviolet (UV: ~10–400 nm), visible light (VIS: ~400–750 nm), 

and infrared (IR: ~750 nm–25 µm), to microwaves and radio waves 

(>1 mm). 

 

Figure 2.  Overview of the electromagnetic spectrum, from gamma 

rays to radio waves, indicating the spectral regions relevant to visible 

and NIR imaging techniques.  

S   

 amma Rays   Rays  ltraviolet  isible Infra red  icro waves

  nm    nm     nm     nm    nm    nm

    

nm                    ,    ,    ,    ,2   ,    ,    ,    ,    ,    ,   2,   2,   2,2  2,   2,   2,   2 ,   

...

 lectromagnetic spectrum

Radio waves

M    S    



              Introduction 

5 
 

Each spectral region provides distinct physical and chemical 

insights: gamma rays and X-rays are extensively employed in 

diagnostic imaging and material inspection due to their deep tissue 

penetration, whereas UV light enables the detection of surface-level 

fluorescence and photochemical activity. However, high-energy 

radiation can be ionizing and harmful to biological tissues, while 

lower-energy long-wavelength regions may lack sufficient energy for 

fine-detail imaging. 

A significant advancement within the visible and near-infrared 

region has been the development of multispectral (MS) and 

hyperspectral (HS) imaging (MSI and HSI) techniques [19], [20]. 

These modalities acquire radiance across tens to hundreds of 

narrows, contiguous spectral bands, extending well beyond the 

conventional RGB channels and human vision capabilities. MSI and 

HSI commonly cover the visible (VIS: ~400 – 750 nm) and near-

infrared (NIR: ~750–1400 nm), short-wave infrared (SWIR: 

~1400–2500 nm), and mid-infrared (MIR: >2500 nm) regions 

(Figure 2). By capturing detailed spectral information for each pixel, 

these techniques enable precise material identification and 

classification based on characteristic patterns of light absorption and 

reflection. This technique has already made significant contributions 

to areas such as remote sensing [21], agriculture [22], and geology 

[23], and is now gaining increasing relevance in biomedical 

applications [24], [25], particularly in the field of pathology [26]. 

MSI/HSI generates a three-dimensional data structure known as 

a spectral cube, where two dimensions capture the spatial 

information of the scene for a single spectral band. The third 

dimension contains spectral information for each pixel, forming 

what is known as a spectral signature, a unique radiance pattern 

that describes how a specific material reflects or absorbs light across 

different wavelengths. Unlike standard imaging techniques that are 

limited to three broad color channels, MSI/HSI can capture 

hundreds of contiguous narrow spectral bands, enabling the 

identification of materials based on their unique spectral signatures. 

The key difference between MSI and HSI lies in their spectral 

resolution (i.e., the ability of an instrument to distinguish between 

different wavelengths of light) and band continuity (i.e., no gaps or 

breaks in the range of wavelengths being captured): MSI captures a 



Chapter 1 

 

6 
 

relatively small number of discrete, often non-contiguous spectral 

bands (typically ranging from 3 to tens), while HSI acquires a higher 

number of tightly spaced, contiguous spectral bands (typically 

ranging from tens to hundreds), providing a much finer and 

continuous spectral profile. Figure 3 compares these imaging 

modalities and visually illustrates the fundamental concepts of MSI 

and HSI.  

 

Figure 3. Illustration of different imaging modalities: (a) RGB, (b) 

MSI, and (c) HSI imaging. Each modality is represented as a spectral 

data cube composed of multiple bands. The mean spectral signature 

of each cube is shown below, demonstrating the progressive increase 

in spectral resolution from RGB to HSI.   

MSI/HSI instrumentation is formed by several elements: an 

illumination sources, optical systems (e.g., lenses, filters), dispersive 

elements (e.g., gratings, prims, tunable filters), and detectors [25]. 

The spectral response of an HS acquisition system is determined by 

the combined characteristics of its individual components. The 

illumination source defines the emitted spectral range. In 

environmental applications, sunlight provides a broad and 

continuous spectrum that allows the full spectral range of a sensor 

to be utilized. In contrast, laboratory settings require carefully 

selected artificial light sources tailored to the spectral needs of the 

application. Common choices include xenon arc lamps (250–1000 

nm), broadband LED arrays (400–1000 nm), and halogen or 

tungsten-halogen lamps (350–2500 nm) [27], [28]. Another critical 
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factor is the semiconductor material of each detector, whose specific 

quantum efficiency defines the detectable spectral range of a HS 

camera (Figure 4a). Silicon-based Charge-coupled devices (CCD) are 

widely utilized for capturing signals in the UV, VIS, and visible to 

near-infrared (VNIR) regions (sensitivities from 200 to 1050 nm). 

Detectors based on indium arsenide (InAs) or gallium arsenide 

(GaAs) can detect from 900 to 1700 nm, while indium gallium 

arsenide (InGaAs) extends this sensitivity further into the SWIR 

spectrum (2500 nm). For broader spectral coverage, mercury 

cadmium telluride (MCT) is frequently used due to its high quantum 

efficiency, enabling the detection from the NIR region (starting near 

800 nm) to the MIR domain (approximately 2500 nm to 25,000 nm) 

[29]. The illumination source, specifically its intensity, and the 

characteristics of the sensor, such as exposure time and radiometric 

resolution, are also key factors that determine the dynamic range of 

a HS camera. Dynamic range represents the range between the 

strongest detectable signal (saturation) and the weakest measurable 

signal (noise floor) across the spectral range of interest. A wider 

dynamic range improves the ability to accurately detect and quantify 

subtle, low-intensity signals within an image, a feature commonly 

known as intrascene performance [30]. Furthermore, HSI systems 

can be classified according to the data acquisition methods, which 

depend on the type of dispersive elements used (Figure 4b): 

• Spatial scanning technology: this technology typically uses an 

optical component that diffracts incoming light to fixed 

positions on the sensor, where spectral information is collected 

[31]. There are two primary types: whiskbroom systems, which 

acquire one spatial line at a time, and pushbroom systems, 

which collect an entire spatial dimension in a single 

acquisition. These systems are limited in spatial resolution due 

to sensor constraints and scanning mechanics. Furthermore, 

they cannot be easily adapted for applications that lack spatial 

motion, such as laparoscopy [31]. Acquisition time is also 

affected by a trade-off between scanner speed and camera 

frame rate. 

• Spectral scanning technology: these devices filter incoming 

radiation to isolate specific wavelengths, capturing full spatial 

images at each wavelength step. Examples include Liquid 

Crystal Tunable Filters (LCTF) and Acousto-Optic Tunable 
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Filters (AOTF), whose transmission can be electronically 

controlled [31]. Although spectral resolution is limited by the 

filter’s bandwidth, this method allows the use of conventional 

monochrome sensors and achieves high spatial resolution. 

Additionally, acquisition times can be shortened by selecting 

only the most relevant spectral channels for a given 

application. 

• Spatial-spectral scanning technology: this approach captures 

diagonal slices of the HS cube by using sensors with filters 

arranged in stepwise lines. By acquiring images in rapid 

succession, these systems can provide detailed spectral 

information while maintaining high spatial resolution. 

However, the spectral detail is generally inferior to that of 

spatial scanning systems, and the spatial detail is not as high 

as in spectral scanning systems [32]. 

• Snapshot technology: these cameras are designed to overcome 

the main limitation of other HS systems: the need for spatial 

or spectral scanning. They capture the entire HS cube in a 

single frame, enabling real-time acquisition. Nevertheless, this 

advantage comes at the expense of both spatial and spectral 

resolution, which are generally lower compared to other 

acquisition methods (i.e., current snapshot systems are mostly 

limited to multispectral imaging) [33]. 

Finally, the multiple system components also influence spatial 

resolution, defined as its ability to resolve two adjacent structures as 

distinct [34]. Spatial resolution of a HSI system is shaped by its 

optical arrangement (such as magnification and lens-object 

distance), the dispersive elements (i.e., spatial scanning), and the 

sensor characteristics (including pixel size and count). For example, 

in HSI systems that rely on spatial scanning, the accuracy and 

consistency of the mechanical stage determine the spatial resolution 

along the movement axis. Moreover, CCD detectors generally 

provide fine spatial detail due to their high pixel density, while 

InGaAs and MCT detectors tend to have fewer pixels. This reduction 

in pixel density, combined with increased diffraction and decreased 

scattering at longer wavelengths, limits spatial resolution at 

wavelengths beyond 1000 nm [35]. 
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Figure 4. MSI/HSI technology classification based on: (a) quantum 

efficiency for different sensor materials (i.e., silicon CCD, InGaAS and 

MCT) (extracted from [36]) and (b) acquisition mode (spatial 

scanning, spatio-spectral scanning, spectral scanning and snapshot) 

1.1.3 Light-Tissue Interaction 

A comprehensive understanding of light-tissue interactions is 

crucial for the development and effective application of MSI and HSI 

technologies. Light comprises photons, each carrying a discrete 

quantum of energy ℎ𝜈, and traveling at the speed of light 𝑐. When 

photons enter biological tissue, their trajectories and energy 

distributions are governed by the tissue optical properties: 

absorption (𝜇𝑎), which quantify the likelihood of photon absorption 

by chromophores,  and scattering (𝜇𝑠), which describes redirection 

due to microstructural inhomogeneities (Figure 5a) [25], [37]. In 

biological tissues, which are typically highly scattering, these optical 

properties result in complex light propagation patterns that can be 

effectively described by diffusion theory. This theory models the 

transport of photons as a stochastic process involving numerous 

scattering events before photons are absorbed within the tissue [38].  

Absorption refers specifically to the conversion of photon energy 

into molecular energy, predominantly through interactions with 

chromophores, which are molecules that selectively absorb light at 
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specific wavelengths [37]. Key biological chromophores include 

o ygenated hemoglobin  HbO₂  [39], deoxygenated hemoglobin 

(Hb) [39], water [40], lipids [41], and melanin [42]. Each 

chromophore contributes uniquely to the overall tissue absorption 

spectrum (absorption coefficients illustrated in Figure 5c). For 

example, absorption in the IR region is largely influenced by water, 

which constitutes approximately 75% of tissue volume. The red to 

NIR spectral range, approximately from 650 to 1300 nm, is 

characterized by minimal absorption which facilitates deeper light 

penetration into tissue. This range is known as the diagnostic 

window, because the enhanced in-vivo photon penetration enables 

improved visualization of internal structures and more effective 

detection of pathological conditions [43]. While whole blood 

strongly absorbs light in the diagnostic window, its relatively low 

volume fraction within tissue moderates its effect on the average 

absorption coefficient. Nevertheless, photons that encounter blood 

vessels undergo significant localized absorption due to the high 

hemoglobin concentration, causing recognizable attenuation in 

those areas. Similarly, melanosomes are strong absorbers but occupy 

a relatively small fraction of the epidermis, resulting in a moderate 

overall contribution to tissue absorption. 

Scattering arises from microscopic variations in the refractive 

index 𝑛 within tissue at cellular and subcellular scales. These 

refractive index fluctuations cause photons to deviate from their 

original paths without energy loss, a phenomenon termed elastic 

scattering. The nature of scattering depends strongly on the size of 

the scatterers relative to the incident light wavelength. When 

scatterers are much smaller than the wavelength, Rayleigh scattering 

predominates, producing nearly isotropic scattering primarily in the 

UV and visible spectral regions. When scatterers are comparable to 

or larger than the wavelength, Mie scattering dominates, leading to 

predominantly forward-directed scattering typical of the visible to 

infrared spectral ranges [37]. Specific tissue structures significantly 

contribute to scattering behavior. Mitochondria, approximately 1 µm 

in size, contain folded lipid membranes with refractive index 

mismatches that generate strong scattering, particularly at longer 

wavelengths (~700–1300 nm range) due to their internal membrane 

folds [44]. Collagen fibers, typically 2–3 µm in diameter and 

composed of smaller fibrils approximately 0.3 µm in diameter, are 
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major sources of Mie scattering, especially influencing the infrared 

spectrum. At the ultrastructural level, the periodic banding pattern 

of collagen fibrils introduces Rayleigh scattering components that 

dominate in the visible and UV regions [45], [46].  

 

Figure 5. (a) Schematic illustration of the fundamental interactions 

between light and biological tissue, including absorption and 

scattering processes. (b) Light penetration depth as a function of 

wavelength, highlighting variations across ultraviolet (UV), visible, 

and near-infrared (NIR) ranges. (c) Absorption coefficients of key 

human tissue chromophores, extracted from [47], [48], including 

oxygenated and deoxygenated hemoglobin, water, lipids, and 

melanin, illustrating their spectral contributions to tissue absorption.  

The combined effects of tissue optical properties, absorption and 

scattering, mostly determine the characteristic transport of light 

within biological tissue, typically quantified by the transport mean 

free path 𝑙𝑠, as defined in Equation (1). The transport mean free path 

represents the average distance a photon travels before undergoing 

significant directional change due to scattering or being absorbed. 

Because absorption and scattering coefficients are wavelength-

dependent, the transport mean free path significantly determines 

the depth of light penetration (Figure 5b) [49]. Shorter wavelengths, 

such as UV and blue light (320 – 440 nm range), exhibit limited 

penetration depths, generally confined to 200–1000 µm, primarily 

due to strong absorption and scattering. In contrast, wavelengths 

within the mid-visible spectrum (440 –595 nm range) penetrate 

more deeply, typically reaching depths of 1 to 3 mm. Notably, longer 

wavelengths in the red to NIR range (700 – 1400 nm range), the 

diagnostic window, achieve the greatest penetration, often extending 
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to depths of 1 to 3 cm, thus enabling effective imaging of subsurface 

tissue structures [37]. 

𝑙𝑠 =
1

𝜇𝑎
 +

1

𝜇𝑠
 (1) 

The optical properties of tissue fundamentally determine the 

diffuse reflectance spectra captured by MSI and MSI systems, which 

have vital information about the biochemical composition of the 

tissue. Given that different biomolecules (e.g., hemoglobin, water, 

fat, melanin) exhibit unique, wavelength-dependent absorption and 

scattering profiles, spectrally resolved imaging techniques leverage 

these variations to noninvasively extract detailed biochemical and 

morphological characteristics [37], [50]. This capability enables 

accurate differentiation between tissue types, improving diagnostic 

precision and tissue characterization. For example, Bekina et al. [51] 

used MSI with four targeted wavelengths to analyze skin lesions, 

focusing on absorption by hemoglobin (545 nm) and melanin 

(660 nm). By computing a simple diagnostic index based on their 

intensity ratio, they found that malignant lesions, due to higher 

blood content, showed significantly higher values than healthy skin, 

enabling physiology-driven tissue differentiation. Building on this 

approach, Rey-Barroso et al. [52] developed a VNIR MSI technique 

that leveraged the complementary spectral signatures of melanin 

and hemoglobin to classify melanomas versus benign nevi. By 

incorporating a more refined spectral analysis across a broader 

range of wavelengths, their system achieved 79 % sensitivity and 

85 % specificity. Moreover, Fei and Lu [53] developed a label-free 

HSI method that uses the distinct absorption patterns of oxy- and 

deoxy-hemoglobin, reflecting differences in blood supply and 

oxygenation, to accurately distinguish cancerous from healthy tissue 

in head and neck surgery. Their ML approach achieved around 90–

94% accuracy on patient specimens, outperforming other imaging 

techniques and demonstrating strong potential for real-time tumor 

margin detection. Similarly, Kho et al. [54] leveraged the distinct 

absorption features of important tissue molecules (i.e., oxy- and 

deoxy-hemoglobin, water, and lipids) in HSI data to accurately 

classify breast tissue. Using over 22,000 spectra from lumpectomy 

specimens, their model achieved more than 90% accuracy in 

distinguishing malignant from healthy tissue and was able to rapidly 

(i.e., 10 minutes) identify tumor margins during surgery. 
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Other research groups have used the optical properties of tissues 

for enhancing cancer diagnosis by combining experimental 

MSI/HSI data with Monte Carlo (MC) light transport simulations. 

This model stochastically traces millions of photon paths through 

layered tissue models to predict how chromophore concentrations 

and scattering morphology shape measured spectra. Palmer et al. 

[55] applied an MC-based inverse model to UV–VIS breast-tissue 

reflectance, retrieving total/o ygenated hemoglobin, β-carotene and 

mean reduced-scattering coefficients; a support-vector classifier 

using only these extracted parameters reached 82 % sensitivity and 

92 % specificity for malignancy detection. Also, Zhu et al. [56] 

coupled MC models of diffuse reflectance and fluorescence to 

analyze ex-vivo breast samples, showing that jointly fitted 

absorption, scattering and fluorescence parameters improve 

cancer/benign discrimination compared with fluorescence alone. 

These studies highlight how MSI/HSI can noninvasively capture the 

biochemical and morphological heterogeneity of tissues by 

leveraging their distinct optical properties, thereby improving 

diagnostic accuracy across various pathologies. Furthermore, by 

generating physics-based synthetic spectra that represent diverse 

chromophore compositions and tissue structures, MC simulations 

have become invaluable both as a reliable “ground truth” for training 

diagnostic algorithms and as a powerful tool to interpret in vivo 

MSI/HSI data when direct measurements of optical properties are 

challenging. 

1.1.4 HS Microscopic Imaging 

The foundations of modern microscopic analysis were laid in 

1673, when Anton van Leeuwenhoek began developing simple 

microscopes with single lenses that offered improved magnification 

and resolution, enabling the first observations of cellular structures 

[6]. More recently, MSI/HSI have emerged as transformative 

technologies in histopathology by leveraging the intrinsic spectral 

properties of biological tissues. Unlike conventional bright-field 

microscopy, which is limited to the visible spectrum and often 

overlooks critical biochemical information, MSI/HSI acquire data 

across a broad range of wavelengths, offering richer, label-free 



Chapter 1 

 

14 
 

molecular insights. This expanded spectral information improves 

the objectivity, reproducibility, and diagnostic accuracy of 

histopathological assessments. In cancer diagnostics, HSI has 

demonstrated considerable potential by enabling the differentiation 

of healthy and diseased tissues based on their distinct spectral 

signatures. Notably, it has been successfully applied to identify 

pancreatic tumors with varying prognostic profiles [57], quantify 

Ki67 expression as a prognostic marker in lymphomas [58], and 

evaluate tumor–immune cell interactions in lung cancer patients 

undergoing immunotherapy [59]. Additionally, high diagnostic 

accuracy has been reported across multiple cancer types, including 

breast cancer [60], melanoma [61], and head and neck tumors [62]. 

Collectively, these findings highlight MSI/HSI as powerful, non-

destructive diagnostic tools that complement and enhance 

traditional histopathological methods. 

Although there is no standardized configuration for MS or HS 

microscopy, HS microscopy is usually achieved by integrating a MS 

or HS camera with a conventional bright-field microscope [35], [63], 

[64], allowing high-resolution acquisition of spectral signatures 

from fine tissue structures such as mammalian cells (5–2  μm  and 

red blood cells (6–  μm  [7]. This integration is typically achieved 

through a standard C-mount, allowing compatibility with a wide 

range of commercial microscope models. Figure 6 illustrates a 

diagram of a generic HS microscope and examples of such 

configuration from two institutions: System A, belonging to 

University of Las Palmas de Gran Canaria (ULPGC) employs a 

pushbroom HS camera, and System B belonging to Polytechnic 

University of Madrid (UPM) is based on a linescan wedge sensor 

[65]. 

The light source is a bright-field halogen lamp (Figure 6f), and the 

configuration can operate in either transmittance or reflectance 

mode. Köhler illumination is used to ensure uniform radiance across 

the sample. In transmittance mode, light travels from the lamp 

through the specimen placed on the stage (Figure 6d), and continues 

through an objective lens optimized for infrared (IR) observation 

(Figure 6c). This mode benefits from low magnification, which 

increases the field of view (FOV), and the amount of light captured. 

In reflectance mode, the light is directed from above, focused 
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through the objective lens onto the sample surface, and reflected 

back through the same lens to reach the HS camera. This setup is 

particularly suitable for opaque or thick specimens where 

transmitted light cannot penetrate the sample. 

In both illumination modes, HS cameras are used to acquire 

spectral data (Figure 6a). Since both System A and System B require 

spatial scanning to build the HS cube, each capturing one spatial line 

at a time, custom software is typically developed to synchronize the 

scanning stage movement with the camera’s frame rate. This 

coordination ensures accurate and consistent data acquisition. To 

support the imaging workflow, the systems also incorporate 

binoculars (Figure 6b) for real-time visual inspection and a joystick 

(Figure 6e) that allows the operator to navigate across the sample 

and select the region of interest. These additional components make 

the system versatile and user-friendly, facilitating precise sample 

positioning before HS data capture.  

For a HS/MS microscope to operate effectively, it must meet 

specific quality parameters. The dynamic range should be optimized 

in relation to the signal-to-noise ratio (SNR) to ensure reliable 

spectral information. If the system relies on any form of scanning, its 

accuracy and repeatability must be thoroughly evaluated. 

Additionally, both spatial and spectral resolutions should be 

adequate for the intended application. These parameters are 

essential to ensure the system delivers consistent, high-quality 

MS/HS data suitable for robust analysis.  

The HS data acquisition process usually begins with the collection 

of a white reference (WR) and a dark reference (DR), both of which 

are essential for accurate flat-field correction. The DR is captured by 

turning off the illumination entirely, allowing the sensor to record 

the system’s noise floor and electronic background signal. The  R, 

on the other hand, depends on the chosen illumination mode. In 

transmittance mode, a clear region of the microscope slide without 

any tissue is used. In reflectance mode, a diffuse reflectance 

standard, typically a matte, Lambertian surface that evenly reflects 

light in all directions is employed [66]. These standards are designed 

to approximate 100% reflectance across the spectrum, providing a 

consistent and reliable baseline for calibrating the system’s spectral 

response [67]. 
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Figure 6.  Diagram of HS microscopic systems (left) and example of 

two HS microscopic systems (System A in the middle and System B 

right): (a) HS camera, (b) binoculars, (c) objective lenses, (d) 

specimen stage, (e) joystick for spatial scanning and (f) halogen light 

source. 

Once both reference images have been collected, the next step is 

to locate and select a region of interest (ROI) on the sample. This 

ROI is chosen based on the specific goals of the analysis (e.g., 

focusing on tissue areas annotated as tumor or healthy). The HS scan 

of the selected ROI is then performed, and the resulting raw data 

cube (R) is stored for subsequent analysis. 

The first and most critical signal processing step is flat-field 

correction, which compensates for inconsistencies introduced by 

sensor characteristics, lighting conditions, and optical imperfections 

[68]. This correction transforms the raw digital values (R) captured 

by the sensor into physically meaningful reflectance [69], [70], [71] 

or radiance values [72]. The standard formula used to compute a 

calibrated HS image (CI) from the raw data is [35]: 

 𝐶𝐼(%) =  
𝑅 − 𝐷𝑅

𝑊𝑅 − 𝐷𝑅
∙ 100 % (2) 

Subsequent processing may vary depending on the specific use 

case [73], [74]. One common step is spectral dimensionality 

reduction, which addresses the redundancy across adjacent spectral 

bands and helps reduce both noise and computational complexity 

[73], [75]. For example, averaging every three neighboring bands 

could reduce a dataset size, improve efficiency, while retaining 

essential spectral information. Normalization is also often applied to 

facilitate consistent data analysis, especially in classification tasks 
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where relative differences in spectral shape are more important than 

absolute intensity values. Common normalization algorithms can 

rescale the data to a fixed range (e.g., 0 to 1) or standardize it to have 

zero mean and unit variance [76]. In most analyses, it is also 

important to exclude non-informative background pixels, such as 

those representing the slide or cover slip, which exhibit minimal or 

no absorbance. This can be done by thresholding on spectral 

intensity or using automated background masking techniques [77]. 

Finally, depending on the research objective, the processed MS/HS 

data may be used in traditional image analysis pipelines (e.g., for 

tissue segmentation) or fed into ML/DL models for automated 

classification [25], [26]. 

Recent advances in HS microscopy have demonstrated its 

potential to significantly enhance cancer diagnostics in 

histopathology. For instance, Ma et al. [78] implemented a compact 

HSI microscopic system for the automatic detection of squamous cell 

carcinoma (SCC). They combined principal component analysis 

(PCA)-based nuclei segmentation with spectra-based support vector 

machines (SVM) and patch-based convolutional neural networks 

(CNN). The DL model outperformed traditional ML classifiers 

(accuracy of 82.4% and an area under the curve (AUC) of 93.7%),  

demonstrating its enhanced diagnostic capability. Further work by 

the same group [79] evaluated DL models on 77 histologic slides 

from 51 patients, showing that a spatial-spectral vision transformer 

(SST) trained on HSI achieved 79% accuracy, 74.4% specificity, and 

78.9% sensitivity—outperforming models trained on RGB images. 

Notably, the DinoV2 model trained on HSI showed a 10% increase 

in sensitivity compared to its RGB counterpart, emphasizing the 

diagnostic value of HSI in combination with advanced DL 

architectures. Similarly, Hu et al. [80] constructed a spectral-spatial 

database from gastric cancer pathological samples and developed a 

CNN that effectively extracted deep spectral-spatial features within 

the 410–910 nm wavelength range, attaining a classification 

accuracy of 97.57%, with sensitivity and specificity values of 97.19% 

and 97.96%, respectively. The study illustrated the practical value of 

combining DL with microscopic spectral data to support more 

accurate and automated gastric cancer diagnostics. Ortega et al. [81] 

utilized a VNIR range HSI microscope coupled with a nine-layer 

CNN to discriminate between normal and tumor breast cancer cells, 



Chapter 1 

 

18 
 

achieving AUC values exceeding 89%, thus further confirming the 

potential of HSI combined with artificial intelligence (AI) for 

automated cancer cell identification. In the context of brain cancer, 

Ortega et al. [82] applied HSI and supervised classifiers (i.e., SVM, 

artificial neural networks, and random forests) to distinguish tumor 

from normal brain tissue in glioblastoma samples, achieving over 

80% accuracy while addressing challenges related to inter-patient 

variability and limited training data. Finally, Pertzborn et al. [83] 

demonstrated the feasibility of using HSI coupled with a supervised 

three-dimensional CNN for intraoperative tumor margin 

assessment in oral squamous cell carcinoma. Their approach yielded 

76% accuracy, 89% specificity, and 48% sensitivity on unstained 

tissue sections, supporting the use of HSI as a complementary tool 

for real-time surgical guidance. Collectively, these studies illustrate 

the substantial advances and clinical potential of integrating HSI 

with microscopy to enhance biomedical imaging, improve diagnostic 

accuracy, and support more informed therapeutic assessment. 

1.2 Knowledge gap 

Beyond its diagnostic potential, MSI/HSI microscopy offers 

several practical advantages: it preserves the native biochemical 

composition of samples, supports digital storage and post-

acquisition analysis, and generates objective, reproducible data 

suitable for integration into ML/DL workflows. However, despite 

these strengths, clinical adoption remains limited. The technology is 

still largely confined to experimental settings, and several technical, 

methodological, and regulatory challenges must be addressed before 

MSI/HSI can be routinely implemented in pathology laboratories 

[26]. 

Lack of standardization of HSI microscopic 

instrumentation 

One of the principal challenges is the lack of standardization 

across HSI systems. The heterogeneity of custom-built HSI systems, 

combined with the limited availability and validation of commercial 

prototypes, has become a major bottleneck in the development of 

reliable diagnostic tools. Each research group may use a different 
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combination of cameras, optics, light sources, and acquisition 

methods. Without standardization, this diversity leads to 

inconsistencies in data quality and hinders collaborative efforts [26], 

[84]. While efforts toward establishing universal standards for HSI 

microscopy are in progress, they remain at an early stage. For 

e ample, the ongoing development of the “Standard for 

Characterization and Calibration of Ultraviolet through Shortwave 

Infrared  2   nm to 2    nm  Hyperspectral Imaging Devices”  [85] 

does not address the specific requirements of HSI microscopic 

systems. Also, existing protocols frequently overlook critical optical, 

spatial, and spectral constraints unique to microscopy-based 

imaging  [35], [64], [86]. Key performance metrics in HSI systems 

span a diverse set of characteristics that collectively define system 

capability and determine its suitability for specific clinical or 

research applications. Among these, spectral sensitivity, the ability 

of the sensor to detect light as a function of its signal frequency, is 

crucial for accurate tissue classification [87]. Spatial resolution, 

influenced by the optical system’s numerical aperture, pi el pitch, 

and magnification, governs the ability to discern microscopic 

structural details within the sample [34]. Equally important is the 

SNR, which impacts the detectability of subtle spectral variations, 

especially in weakly absorbing or low-contrast biological tissues 

[88]. Radiometric accuracy [68] and dynamic range [30] are critical 

for capturing accurate spectral intensities across a broad range of 

reflectance levels. Another important concern is repeatability, the 

ability of the system to consistently produce the same results under 

comparable external conditions [89]. Altogether, imaging the same 

biological sample with different HSI systems can produce 

inconsistent results, which undermines the development of robust 

algorithms and delays clinical validation. To mitigate this variability, 

key characterization parameters must be carefully optimized and 

balanced in alignment with the specific clinical or research 

application. This requires a systematic approach to hardware 

characterization, spectral calibration, and overall system validation. 

While initial efforts have been made to define guidelines and best 

practices, a universally accepted and comprehensive framework has 

yet to be established. 
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Deficit of Image Quality Strategies in HS Microscopy 

Beyond system configuration, HS microscopic image acquisition 

protocols play a crucial role in data quality. One often-overlooked 

variable is sample focus. In microscopy, particularly at high 

magnifications, maintaining sharp focus is vital. Improper focus 

causes blurring, loss of spatial detail, and distortion of spectral 

signatures due to spatial averaging of heterogeneous tissue 

components. While this challenge has been largely addressed in the 

context of WSI, where automated focus mapping and dynamic 

refocusing techniques are commonly employed, in HSI microscopy, 

this issue is exacerbated by the narrow depth of field (DOF) inherent 

to high-magnification optics [90], where even slight deviations in 

sample flatness or mounting can shift regions of interest out of focus. 

Furthermore, HSI systems, particularly those based on scanning 

architectures, often require several seconds to minutes for image 

acquisition, during which mechanical drift can further degrade focus 

[35]. These effects lead to spatial and spectral inconsistencies across 

the FOV, ultimately undermining the accuracy of tissue algorithms 

[91]. These distortions are challenging to correct post-acquisition 

and can significantly compromise spectral integrity, particularly in 

high-precision applications such as tumor margin assessment or 

subcellular classification. To mitigate these issues, robust focus 

control protocols must be incorporated into the HS acquisition 

framework. One effective solution to blurring caused by imaging 

non-flat samples is the use of z-stacking techniques, which capture 

multiple images at varying focal planes and combine them into a 

single sharply focused composite image [92]. For this process to be 

fully automated, reliable image quality assessment (IQA) methods 

must first evaluate the focus quality of each image [93]. Although the 

human eye remains the most precise evaluator of image quality, 

being the ultimate end-user, subjective assessments are costly and 

inefficient [94]. Therefore, objective and efficient IQA algorithms are 

essential to automatically predict image quality, enabling accurate 

selection of focused images across the entire spectral range and 

ensuring consistent spatial and spectral integrity. 
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Need for Comprehensive Data Processing in Medical HS 

Microscopy 

Moreover, given the variability introduced during acquisition, 

processing becomes an essential step once the HS data is captured, 

helping to correct artifacts and standardize input for further ML/DL 

classification (e.g. inhomogeneities in illumination and noise in 

acquisition systems). These processing steps are essential for 

improving information extraction, enabling more accurate tissue 

classification by, for example, compensating for absorption effects 

described by Lambert-Beer's law or enhancing the performance of 

ML/DL models.  Common processing techniques include noise 

filtering to reduce random signal variations, illumination correction 

to compensate for uneven lighting, baseline offset removal to 

eliminate background shifts, normalization to scale spectra for 

comparison, and spectral derivatives to find characteristic peaks on 

the spectra. These operations help reduce variability introduced by 

acquisition conditions, hardware differences, or environmental 

factors [73], [74], [95]. However, in the context of medical HSI, 

particularly microscopy, there is currently no universally accepted 

pre-processing pipeline [76], [96]. Researchers often rely on 

empirical methods or adapt workflows from adjacent fields such as 

chemometrics [97], [98] or remote sensing [75], which may not be 

fully suitable for histological data. A comprehensive pre-processing 

pipeline should not only enhance spectral clarity and reduce noise 

but also ensure spatial sharpness and consistency throughout the 

dataset. This integration is essential for the development of reliable, 

reproducible, and diagnostically useful HSI systems.  

Absence of Sample Preparation Protocols Tailored for HS 

Microscopy 

Furthermore, a critical factor that directly affects HS data quality, 

and by extension the diagnostic performance of HSI microscopy 

systems, is sample preparation, with tissue thickness playing a 

central role in modulating light-tissue interactions. While 

considerable effort has been devoted to advancing sensor 

technologies and imaging modalities in recent years [73], [99], 

[100], [101], sample preparation protocols have largely remained 

aligned with conventional histology practices. Biopsies are typically 

embedded in paraffin or frozen, then sectioned into 2–   μm slices 
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using a microtome or cryostat [7], a range optimized for bright-field 

microscopy rather than spectroscopic imaging. In HSI microscopy, 

however, this standard thickness may not be optimal. The technique 

depends on capturing rich spectral information derived from how 

light interacts with tissue structures. If sections are too thin, photons 

traverse the sample with minimal scattering or absorption, resulting 

in low spectral contrast and a poor SNR ratio. Conversely, overly 

thick sections introduce excessive scattering and absorption, which 

can distort spectral signatures and hinder accurate material 

discrimination [38]. These effects are particularly detrimental in 

high-precision applications such as tumor characterization or 

subcellular analysis, where even subtle spectral variations carry 

diagnostic weight. Moreover, light behavior at microscopic scales 

differs from that in bulk tissue, meaning that the optical path length, 

and therefore the resulting spectra, can vary non-linearly with 

thickness. Such variability undermines spectral consistency across 

samples, complicating downstream tasks like classification and 

segmentation. To mitigate these issues, HSI-specific sample 

preparation protocols may be required. Adjustments to sectioning 

thickness, mounting media, and dehydration protocols can 

significantly influence the spectral quality and reproducibility of 

acquired data. Thus, establishing standardized, application-specific 

sample preparation workflows for HSI microscopy is required for 

ensuring the robustness and clinical reliability of these systems. 

Limited Availability of Public HS Microscopic Datasets 

A significant limitation in the current landscape of HS imaging 

research is the lack of publicly available HS microscopic databases. 

This scarcity presents a barrier to progress for the research 

community, particularly for those working on the development and 

benchmarking of advanced HS image processing techniques. 

Without access to standardized datasets, it becomes difficult to 

compare the performance of methods such as HS image 

classification, spectral unmixing, and data compression in a 

consistent and reproducible manner. Public databases would 

provide a shared foundation for researchers to train and validate 

algorithms under comparable conditions, fostering collaboration 

and accelerating technological advancement. Beyond the 

algorithmic development community, such resources would also be 
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invaluable to researchers in computational pathology and practicing 

pathologists. Exposure to real HS microscopic data would allow 

them to assess the potential of this technology for clinical 

applications, such as improving diagnostic precision, supporting 

decision-making, or revealing spectral features not visible with 

traditional imaging modalities. The availability of such datasets 

could help bridge the gap between technological innovation and 

clinical translation, ultimately contributing to the adoption of HS 

imaging in routine pathological workflows. 

1.3 Hypothesis 

HS microscopy holds significant promise as a diagnostic 

modality, particularly in the early detection of cancer, by enabling 

non-invasive, label-free analysis of tissue morphology and 

biochemical composition. Its capacity to capture rich spatial and 

spectral information at the microscopic scale makes it a compelling 

tool for histopathological assessment and computer-aided diagnosis. 

Although HS microscopy shows great potential, its adoption in 

clinical settings is still limited. Several challenges impede its 

effective, reproducible, and integrated use in routine biomedical 

applications.  This Ph.D. thesis is guided by two central hypotheses 

aimed at advancing HS microscopy toward clinical applicability:  

H1. HSI can be effectively adapted to the microscopic scale to 

enable non-invasive, label-free, and quantitative analysis of 

biological tissues, providing spectral signatures that reflect 

subtle biochemical and structural variations and are 

diagnostically relevant. 

H2. The development and clinical validation of a HSI-based 

microscopic diagnostic tool, driven by data reproducibility and 

the need for robust inter-laboratory comparability, can be 

significantly enhanced through the standardization of HS 

microscopic system configurations, acquisition protocols, and 

tissue preparation parameters combined with advanced data 

processing techniques. 
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1.4 Objectives 

The main objective of this Ph.D. thesis is to develop and validate 

standardized methods for system configuration, acquisition, 

preprocessing, and sample preparation in HS microscopic imaging 

to improve data reproducibility, enable inter-system comparability, 

and enhance diagnostic reliability. This objective can be divided into: 

O1. To analyze and evaluate HS acquisition systems for 

microscopic applications: 

a. Identify the critical parameters influencing system 

performance in biological sample imaging. 

b. Determine optimal system configurations for the 

capture of histological samples. 

O2. To obtain the necessary knowledge to investigate and optimize 

pre-acquisition parameters for improving HS 

microscopic imaging quality: 

a. Analyze factors affecting image focus, illumination, 

and signal quality prior to data capture. 

b. Develop strategies and protocols for consistent and 

reproducible image acquisition. 

O3. To develop and implement image processing techniques 

for HS microscopic data after acquisition: 

a. Design methods for noise reduction, artifact 

correction, and spectral enhancement. 

b. Extract diagnostically relevant information from HS 

images. 

O4. To investigate the impact of biological sample 

preparation on HS microscopic data: 

a. Evaluate how variables such as tissue thickness affect 

image spatial and spectral characteristics. 

b. Propose guidelines for sample preparation that 

improve image quality and diagnostic reliability. 

O5. To acquire HS images of histological samples under 

varying preparation and acquisition conditions: 

a. Capture data across different sample types. 

b. Create representative datasets of practical laboratory 

conditions to support algorithm development and 

validation. 
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1.5 Conceptual Framework and 

Methodology 

A comprehensive conceptual framework has been developed to 

define the methodology to follow for the creation of a robust HS 

microscopic diagnostic tool, aligned with the previously outlined 

hypothesis and objectives (Figure 7). This framework is composed of 

six interrelated and essential stages that collectively address the 

complexities inherent in HS microscopy. The first stage, system 

instrumentation and characterization, focuses on establishing 

reliable and well-calibrated hardware capable of consistent and 

reproducible data acquisition (Figure 7a). Next, focus assessment 

and optimization refines optical parameters and imaging conditions 

to ensure image quality (Figure 7b). The third stage, sample 

processing optimization, aims to refine protocols for handling 

biological specimens in HS microscopy imaging (Figure 7c). 

 

Figure 7. HSI Microscopic diagnostic tool development framework: (a) 

instrumentation, characterization, and validation, (b) focus assessment 

optimization, (c) sample processing optimization, (d) HS microscopic 

medical database generation, (e) HS data pre-processing and (e) 

automatic diagnosis assistant.  

 f  HS  icroscopic 
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 e  HS Data 
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Following, the fourth stage, HS microscopic database generation, 

emphasizes the creation of publicly available HS microscopic 

datasets for algorithms design and development (Figure 7d). The 

fifth stage involves HSI-specific processing workflows, which are 

critical for cleaning, normalizing, and preparing spectral data for 

further analysis (Figure 7e). Finally, the framework culminates in the 

development of an automatic diagnosis assistant, where advanced 

algorithms extract meaningful insights from HS microscopic data to 

support accurate decision-making (Figure 7f). By systematically 

addressing each of these stages, this framework aims to bridge the 

gap between experimental research and practical clinical 

application, ultimately advancing the utility of HS microscopy in 

biomedical diagnostics. 

1.6 Document organization 

This document has been structured in 6 chapters, following the 

consecutive steps necessary to carry out the conceptual framework 

to develop a HS microscopic diagnosis assistant tool (Figure 7). Each 

chapter includes its corresponding research outputs, categorized as 

journal publications (J) and conference presentations (C). 

Additionally, any related research mobility (M) activities, such as 

research stays, are also indicated where applicable. A brief 

explanation of each chapter is presented next. 

Chapter 1:  Introduction. In this chapter, the motivation 

behind the Ph.D. thesis is explored, along with 

some background to help understand its context. 

The main goals of the work as well as a conceptual 

framework and methodology are outlined. And, 

finally, an overview of the organization of the 

manuscript is provided.  

Chapter 2: HS Microscopic System. This chapter focuses 

on the evaluation and design of HS microscopic 

systems for medical histology. It includes an in-

depth analysis of instrumentation performance 

and outlines a roadmap for the development and 
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characterization of tailored HSI setups aimed at 

enhancing histological assessment. 

Chapter 3: Image Quality Optimization. This chapter 

addresses the enhancement of HS microscopic 

image quality, with a focus on blur-specific no-

reference assessment methods for focus 

quantification. It also explores tailored image 

quality metrics and presents processing strategies 

to improve the reliability of medical HS data 

analysis. 

Chapter 4: Light - Histology Sample Interaction. This 

chapter investigates how sample preparation, 

specifically tissue thickness, influences data 

obtained from HS microscopy. It examines 

whether variations in thickness affect image 

quality and spectral information, providing 

insights into optimizing histological sample 

preparation for more reliable HSI analysis. 

Chapter 5: HS microscopic Medical Databases. This 

chapter presents the development of publicly 

available HS microscopic databases, addressing 

the current lack of standardized datasets. It 

highlights its importance for benchmarking image 

processing methods and supporting reproducible 

research in biomedical HS microscopic imaging. 

Chapter 6: Conclusions & Future Lines. 

Bibliography:  List of references employed in the manuscript. 

Annex A: Resumen en Español. 
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Chapter 2. HS Microscopic 

System 

HSI is a powerful imaging technique capable of capturing both 

spatial and spectral information, enabling the non-invasive 

characterization of materials, tissues, and other elements. While HSI 

is widely adopted at the macroscopic level, its application in the 

microscopic domain remains limited due to several technical 

challenges. One of the main limitations is the absence of 

standardized methodologies for characterizing HS microscopic 

systems, which are essential to ensure proper data acquisition and 

experimental reproducibility across different research institutions. 

This chapter contributes to Objective O1 by focusing on the 

analysis and assessment of HS microscopic acquisition systems 

tailored for biological sample imaging. Specifically, it aims to 

identify the essential parameters that affect system performance, 

such as spatial and spectral resolution, noise behavior, and 

geometric fidelity, and to define optimal configurations for 

effectively imaging histological specimens. To achieve these goals, a 

comprehensive characterization roadmap is proposed. This 

roadmap brings together key parameters identified in the current 

state of the art and includes a detailed list of materials required for 

system evaluation. The methodology assesses a wide range of 

performance metrics, including dynamic range, noise quantification, 

pixel size, spatial frequency response, spatial scanning accuracy, 

spatial repeatability, flat-field correction, tone transfer, and spectral 

sensitivity. These metrics are integrated into a unified, standardized, 

and replicable framework that has been validated through a 

round-robin test using independent HS microscopic systems from 

two institutions, demonstrating its generalizability. Consequently, 

the roadmap not only promotes consistency and reliability in the 

development and validation of HS microscopic systems but also 
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provides clear guidance for future research to publicly report quality 

metrics, promoting consistency and reliability in the development 

and validation of HSI microscopic systems.  

Preliminary results were presented in the conference paper (C1) 

titled “ nstrumentation  valuation for Hyperspectral 

Microscopy  argeting  nhanced Medical Histology” at the 

XXXVI Conference on Design of Circuits and Integrated Systems 

(DCIS), held in Portugal in 2021. This work introduced the main 

challenges associated with HS microscopic instrumentation. The full 

methodology was later developed and tested through a collaborative 

study with the Research Center on Software Technologies and 

Multimedia Systems at Universidad Politécnica de Madrid, during 

the Ph.D. Candidate’s research stay (M1). The proposed roadmap 

was validated on two representative HS microscopic systems, one 

located at the University of Las Palmas de Gran Canaria and the 

other at Universidad Politécnica de Madrid. Both systems integrate 

an HSI sensor into a bright-field microscope, a configuration 

commonly used in biomedical imaging. 

The results of this work were published in the journal article (J1) 

titled “ oadmap for the Design and Characterization of 

Microscopic Hyperspectral Systems”, in IEEE Transactions 

on Instrumentation and Measurement. Overall, the proposed 

characterization roadmap provides practical and detailed guidelines 

for the scientific community aiming to develop and evaluate reliable, 

efficient, and accurate HS microscopic systems.  
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J1. Roadmap for the Design and 

Characterization of Microscopic 

Hyperspectral Systems 
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Roadmap for the Characterization and Validation
of Hyperspectral Microscopic Systems

Laura Quintana-Quintana , Gonzalo Rosa Olmeda , Javier Santana-Nunez , Miguel Chavarrı́as ,

Samuel Ortega , Jaime Sancho , Himar Fabelo , Eduardo Juárez , Member, IEEE,

and Gustavo M. Callico , Senior Member, IEEE

Abstract—Hyperspectral imaging (HSI) is a powerful image
technique that allows capturing spatial and spectral information,
being able to characterize materials, tissues, and elements in
a noninvasive manner. HSI technology is well established at
the macroscopic level, but there are still technical challenges to
overcome before it can be applied to the microscopic world, such
as the lack of standardized characterization methodologies to HS
microscopic systems that allow the correct data acquisition as well
as ensure the repeatability of the experiments. In this work, we
propose a comprehensive roadmap for characterizing and vali-
dating such systems, integrating essential parameters highlighted
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in the current state of the art. Furthermore, we provide a list
of the materials needed for their characterization and testing of
the methodology on two different HS microscopic systems chosen
as representative of common configurations in the field, where
an HS camera is integrated into a bright-field microscope. Our
proposed roadmap assesses the following parameters: dynamic
range (DR), noise quantification, pixel size, spatial frequency
response (SFR), spatial scanning accuracy, spatial repeatabil-
ity, flat-field correction, tone transfer, and spectral sensitivity.
We address the challenge of unifying these parameters into a
unified and standardized roadmap. All data used to characterize
both systems have been captured by the authors. In summary,
this comprehensive analysis provides a guideline for the scientific
community to develop and characterize HS microscopic systems
to ensure reliability, efficiency, and accuracy.

Index Terms—Hyperspectral (HS) imaging (HSI), instrumen-
tation, microscopy, system characterization.

I. INTRODUCTION

SPECTRAL analysis techniques allow to gather informa-

tion noninvasively from the medium by analyzing the

response of light interacting with different materials or tissues.

This interaction can be produced in terms of transmission,

reflection, absorption, and scattering [1]. For this purpose,

multispectral or hyperspectral (HS) imaging (HSI) systems

are used to record both spatial information and spectral infor-

mation of a particular scene. Multispectral systems capture a

limited number of discrete bands, in the order of tens, while

HS systems are able to capture a much larger number of bands,

allowing for a more comprehensive spectral analysis [2].

While HSI technology is well established at the macro-

scopic level [3], [4], [5], the latest integration of HSI with

optical microscopy has opened up new opportunities for the

analysis of samples at a microscopic scale [6]. This has led to

applications such as quality assessment of food products [7],

identification of different bacteria and contaminants [8], clas-

sification of microplastics [9], [10], or extracting information

from microalgae [11]. Fields like cultural forensics or medical

imaging [12] have also benefited from microscopic HSI tools

to study cultural heritage samples [13], detection of different

types of cancers [14], [15], or the identification of different

types of blood cells [16].

Currently, the most prominent approach to extract useful

information from HS images is the use of machine learning

and deep learning techniques [17]. The potential of such

techniques relies on training numerous datasets with high

amount of HS images, ensuring minimal variation within each

class to maintain consistent feature representation and improve

classification accuracy [18], [19]. However, the absence of

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/



4012413 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 74, 2025

commercial HS microscopic systems and the extensive use

of custom and nonstandardized instrumentation developed by

researchers for their standalone application make consistent

data acquisition a challenge. Pillay et al. [20] analyze eight

different macroscopic commercial HSI systems, and a noto-

rious amount of variability was found among their captures.

The data showed spectral, geometric, and colorimetric inac-

curacies, along with common residual errors, and substantial

differences in noise levels. This variability is likely to be even

greater when working with ad hoc systems at the microscopic

scale. Thus, despite its potential, the characterization and

validation of HS microscopic systems present significant chal-

lenges. The lack of standardized procedures for characterizing

these systems inhibits their portability across different appli-

cations and research groups, resulting in inconsistent results

and limited reproducibility [21].

To address the challenge of characterizing HS microscopic

systems, several researchers have proposed ad hoc solutions.

Ortega et al. [22] developed a custom 3-D printed mechanical

system for a precise push-broom HS microscopic system and

characterized its robustness by measuring some of its spatial

features. Similarly, Stergar et al. [23] introduce a method for

spectral characterization by simply measuring the full-width

at half-maximum (FWHM) response of their HS microscopic

system. Meanwhile, Paterova et al. [24] mixed both spatial and

spectral characterization by measuring their system resolution

on both dimensions. However, the characterization procedures

developed cannot be applied interchangeably to ad hoc HS

microscopic systems, underlining the need for standardized

methods that can provide consistent results across differ-

ent setups [21]. These contributions demonstrate a growing

interest in characterizing HS microscopic systems, but they

also highlight the need for a comprehensive framework that

addresses the full range of parameters involved.

To the best of our knowledge, this work is the first to provide

a systematic approach to characterizing and validating HS

microscopic systems. The contribution of this article includes:

1) a complete list of parameters to be measured; 2) their

theoretical background; 3) metrics to evaluate their quality;

4) materials needed for measurement; and 5) descriptions

of HS image processing methods required to derive those

parameters. While individual methods for specific aspects of

characterization are established in the state of the art, their

integration into a unified and standardized roadmap, as the

one we propose, remains an open challenge. Our structured

methodology consolidates these characterization aspects into

a single, widely applicable approach, essential to ensure

repeatability and comparability across different systems. Our

roadmap is proposed within the context of standardization

efforts in the field of HSI, as exemplified by the ongoing

development of a “Standard for Characterization and Calibra-

tion of Ultraviolet through Shortwave Infrared (250–2500 nm)

HSI Devices” [25], which does not include guidelines for HS

microscopic systems. Additionally, the proposed roadmap is

validated through a round-robin test, i.e., an interlaboratory

test. Two systems were previously developed by integrating

an HS camera into a bright-field microscope, following the

common approach for constructing HS microscopic systems

[6], [7], [11], [13], [15], [21], [22], [23], [24]. For each system,

a different spectral acquisition principle is used as a reference:

spatial scanning and linescan wedge HS cameras. In this way,

the roadmap is validated and allows the results to be then

extrapolated to other types of HS technologies, such as spectral

scanning or snapshot-based HS cameras [12].

II. THEORETICAL BACKGROUND

This section briefly describes each one of the parameters to

be used for the HS microscopic system characterization and

validation, providing the necessary background for carrying

out the subsequent work.

A. Dynamic Range
The dynamic range (DR) characterizes the variation of the

maximum (saturation) and minimum (noise levels) across the

spectrum of interest. From the characterization perspective, an

exposure time is selected to optimize the DR of the sensor.

Furthermore, in HSI capture systems, the DR varies across

the spectrum due to differences in the quantum efficiency of

the sensor with respect to the wavelengths. The DR for a

specific monochromatic image, depicted in (1), is the ratio

between the highest intensity captured by the sensor without

saturation (Nsat) and the lowest intensity captured over the

background noise (Nnoise), i.e., values captured by the sensor

when no light interacts with the sensor [26]. In this context,

intensity refers to digital values produced by the sensor’s

analog-to-digital (A/D) converters, which are dimensionless

and expressed as digital numbers (DNs). Although these values

do not directly represent any physically meaningful magnitude,

they are proportional to the detected light intensity based on

the sensor’s response characteristics

DR (dB) = 20 log

�
Nsat

Nnoise

�
. (1)

The maximum DR that a system can capture depends on the

number of bits (n) of the analog-to-digital converter (ADC)

of each camera (2). In brief, the higher the DR, the better

the ability to quantitatively measure the dimmer intensities

within an image; this feature is also known as intrascene per-

formance. Typically, on reflectance-based acquisition systems,

a chart compliant with the ISO-21550 standard [27] is used to

determine the DR of the system. In the case of transmittance-

based systems, an empty sample holder is used

DRmax(dB) = 20 log (2n) . (2)

B. Noise Quantification
All acquisition systems are affected by noise due to the

electronics used to convert physical magnitudes into digital

values. In the case of digital cameras, whether red, green

and blue (RGB) or HS, this noise is due to the movement

of electrons in the photoreceptors of the sensors when no

photons are interacting with the sensor, which is called dark

current (DC) [28]. Quantifying the DC of a system allows

the signal-to-noise ratio (SNR) to be calculated. This metric

shows how much useful information is captured by an imaging

system, where an SNR of 0 dB means that the system cannot

discriminate signal from noise. Following the methodology
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Fig. 1. Dot target captured at different speeds. (a) Optimal speed, (b) too
fast, and (c) too slow speed.

proposed by Shaikh et al. [29], the SNR is obtained by

capturing an image of a reference target at different exposure

times and then capturing an image with the optics completely

covered at the same exposure times, to extract the DC. Then,

the mean of the HS image is divided by the standard deviation

of the DC as follows:

SNR (dB) = 20 log

�
mean (HS)

std (DC)

�
. (3)

As can be observed in both Section II-A and in this Section

II-B, only the noise generated by the DC has been considered

as the sole noise source. This is because it is the nonimaging

error that has the greatest influence on the characterization

of the systems, compared to quantum efficiency, gain, or

vignetting [30]. In addition, the current state-of-the-art pro-

poses different ways of digitally denoising images, but all of

them lack an in-depth analysis of these noise sources [31],

[32], [33].

C. Spatial Scanning Accuracy

When integrating a spatial scanning HS camera into a

microscopic system, it is crucial for the spatial scanning to be

adequate to obtain properly formed HS images. The theoretical

platform speed can be established as the ratio between the

space captured by one frame and the time required to perform

the capture, also known as the frame period. In practice, the

frame period may slightly drift from the desired value, and the

frames might not be captured synchronized with the platform’s

stops. Thus, an additional analysis is needed to enhance and

validate an accurate system.

The methodology to quantitatively evaluate the spatial scan-

ning accuracy was described by Ortega et al. [22]. In that work,

the authors detected camera misalignments and suboptimal

movement speeds by assessing the round shape (eccentricity)

of a captured circle target. A circle exhibits a flawless round

shape when captured at the optimal speed [Fig. 1(a)] but

presents an elliptical appearance when the speed is too high

[Fig. 1(b)] or too low [Fig. 1(c)]. To quantify how much the

ellipse deviates from being a perfect circle, the eccentricity

of the circle is calculated at each magnification of the HS

microscopic systems. First, 2-D principal component analysis

(PCA) is computed over a binary image, generating two

eigenvalues (φmin and φmax) that correspond to the directions

of the ellipse’s longest and shortest axes. From these values,

eccentricity can be computed using (4). A perfect circle yields

eccentricity values close to zero [22], [34]

e =

s
1 − (φmin)2

(φmax)2
. (4)

Fig. 2. (a) One-line HS image of the micrometer ruler using System A
at 20×. (b) Profile resulting from the spectral average of the one-line HS
image. (c) Spatial resolution empirical calculation using the first derivative
where green and blue crosses indicate maxima and minima, respectively.

D. Spatial Repeatability

Spatial repeatability can be measured as a metric of a

system’s ability to produce consistent results under compa-

rable external conditions [35], i.e., the capacity to obtain

two equal HS images given the same illumination conditions.

Following the methodology developed by Peleg et al. [36],

the relative difference (RD) percentage determines the spatial

repeatability of an HS system in a particular wavelength.

It can be calculated following (5), where ”xi” and ”yi” are the

homologous pixel values of the two images to be compared,

”i” is the pixel number, and ”P” is the total number of pixels

in each image [37]. For the RD calculation, images of the

micrometer ruler or grid are obtained in a short time span,

minimizing the environmental influence over them

RDλ (%) =

PP
i=1 |xi − yi|�

1
P

PP
i=1 xi +

1
P

PP
i=1 yi

�
/2
· 100%. (5)

E. Spatial Resolution

Spatial resolution refers to the ability of an imaging

modality to differentiate two adjacent structures as being

distinct from one another, a crucial characteristic of imaging

systems [38]. The bigger the magnification power, the higher

the spatial resolution thus enhancing the ability to distinguish

smaller objects. The spatial resolution of the HS microscopic

systems can be evaluated theoretically and empirically. The

theoretical computation of the spatial resolution (S R), as shown

in (6), considers variables such as pixel size of the sensor (PS )

and magnification (M):

S R =
PS

M
. (6)

The empirical determination of the pixel size, following the

methodology designed by Ortega et al. [22], is performed over

a one-line image of a certified micrometer ruler [Fig. 2(a)].

The profile at each wavelength [Fig. 2(b)] is derived to find

the local maxima and minima [Fig. 2(c)]. The average spatial

distance between lines of the target (0.01 mm in the case of

Fig. 2) is divided by the mean distance between local maxima

and minima (in pixels), thus empirically determining the size

of a single pixel.



4012413 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 74, 2025

Fig. 3. (a) Monochromatic image of an HS image of the harmonic modulated
Siemens star target and (b) its center showing the aliasing region, where
MTF10 is reached [38].

F. Spatial Frequency Response

Spatial resolution is calculated to determine the smallest

size of an object that can be detected by the acquisition

system at different magnification powers since aliasing may

affect resolution. The spatial frequency response (SFR) of

a digital imaging system describes its ability to maintain

high contrast along certain spatial frequencies. SFR varies

with wavelength, influencing spatial resolution across the

spectrum, due to diffraction limits (light diffraction is more

pronounced at longer wavelengths), sensor sensitivity (sensors

may exhibit lower sensitivity at the extremes of the spectrum),

and chromatic aberration (optical lenses can cause different

wavelengths to focus on slightly different planes). In HSI, an

instrument with a high SFR across all wavelengths captured

preserves fine spatial details, enhancing spectral accuracy for

distinguishing similar materials. This reduces artifacts and

supports detailed multiscale analysis [39].

Loebich et al. [38] described a methodology to measure the

SFR of a digital camera capturing a Siemens star [Fig. 3(a)].

These are made of sinusoidal oscillations in a polar coordinate

system (given by several cycles) so that the spatial frequency

decreases for concentric circles of larger radius (5) [38], [39],

[40], [41], [42], [43], [44].

The range of spatial frequencies being captured over a

monochromatic image is given by the size of the Siemens

star, where the Nyquist frequency is the maximum frequency,

the sensor is able to capture [42]. For every other spatial

frequency, the modulation transfer function (MTF) is mea-

sured as a general term of the SFR (6). Imax and Imin refer

to, respectively, the maximum and minimum digital values

obtained at that specific radius profile [42]. The resolution

limit is determined using the r10 criterion [47], which defines

the resolution limit as the frequency at which MTF achieves a

contrast value of 10%, referred to as MTF10 [38] [Fig. 3(b)].

Emphasis was placed on studying the SFR over wavelengths

since diffraction-limited spatial resolution is inversely propor-

tional to wavelength, a relationship first explained by Abbe

[46]

f
�
lp/mm

�
=

No of cylces

2πr
(7)

MTF =
Imax − Imin

Imax + Imin

. (8)

G. Flat-Field Correction

Flat-field correction is the process employed to cor-

rect the variations in the measured radiance values in an

HS image caused by the sensor, environmental conditions,

and other factors [47]. This step is crucial before continuing

with the analysis of the HS data. It involves converting raw

DNs, obtained directly from the sensor, into actual radiation

intensity [48] or true reflectance values [49], [50], [51]. The

process of computing a calibrated HS frame (CI) from a raw

HS frame (R) is well established in [22] (9). It is needed a

DC capture, explained in Section II-B, and a white reference

(WR), the obtention of which depends on the illumination

mode. In the transmittance mode, an area of the slide with no

sample is usually employed, while in the reflectance mode,

a diffuse reflectance standard is used [52]. These standards

are frequently constructed with a matte Lambertian reflecting

surface, which means that the reflected light has nearly equal

intensity in all directions. The total reflection integrated in all

directions should be close to 100% [53]

CI (%) =
R − DC

WR − DC
· 100%. (9)

H. Tone Transfer

The calibration process makes an HS image independent

of the environment light. However, the so-called tone transfer,

the relationship between the optical input and digital signal

output, is usually nonlinear [54]. The tone transfer metric

examines the significance of the tone transfer between the

captured scene and the resulting HS image, allowing to

characterize the equilibrium needed among the various spectral

bands [55]. Understanding tone transfer is crucial for ensuring

accurate data interpretation and improving the reliability of

HSI applications across diverse fields, as it directly affects

how well the sensor converts light into usable spectral data.

This metric is calculated by capturing the optoelectronic

conversion function (OECF) target, which provides a reference

on how a sensor converts the illumination it receives into

DNs, following ISO-14524 [56]. The mean reflectance of

each gray patch at the monochromatic image is calculated

and compared to the reference provided by Edmund Optics

(Barrington, NJ, USA).

I. Spectral Sensitivity

It is essential to ensure the reliability of HS data by

accurately characterizing the spectral response of an HSI

system [57]. Spectral sensitivity is the ability of the sensor

to detect light as a function of its signal frequency. Typically,

the sensitivity of HS camera channels fluctuates through the

different wavelengths due to the spectral responsivities of the

HS sensor and the nonuniform output from diffractive or

filtering elements. Characterizing these irregularities makes

it possible to estimate their impact on the captured spectral

range [57].

Spectral sensitivity has been analyzed in the state of the art

by assessing captured spectra against a ground truth spectrum

obtained with a spectrometer [58] or evaluating a captured

wavelength calibration standard against a known spectrum

[59], [60]. Usually, the latter is preferred for its simplicity.

The National Institute of Standards and Technology (NIST)

traceable wavelength calibration standards can be employed
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Fig. 4. Diagram of HS microscopic systems (left) and HS microscopic
systems employed in this work: System A (top right) and System B (bottom
right). (a) HS camera, (b) binoculars, (c) objective lenses, (d) specimen stage,
(e) joystick for spatial scanning, and (f) halogen light source.

since they combine rare earth oxides producing very specific

absorption peaks, suitable for calibration purposes.

Once the wavelength calibration standard has been captured,

the spectral correlation measure (SCM), designed by van der

Meero and Bakker [61], quantitatively assesses the spectral

quality of the HS image with respect to the reference provided

by the manufacturer [62]. SCM is calculated following (10),

where n is the number of spectral bands being compared, r is

the reference spectral signature given by the manufacturer, and

t is the test spectra captured with each HS microscopic system

and magnification. The resulting correlation value represents,

to some degree, variations in brightness and shape within the

spectra

SCM

=
n

Pn
i=1 tiri −

Pn
i=1 ti

Pn
i=1 rir�

n
Pn

i=1 t2
i −

�Pn
i=1 ti

�2
� �

n
Pn

i=1 r2
i −

�Pn
i=1 ri

�2
� .
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III. MATERIALS AND METHODS

A. HS Microscopic Systems

To test the proposed roadmap methodology, two HS micro-

scopic systems were set up by coupling HS cameras to two

different commercial microscopes via a standard C-Mount.

The optical path of the systems starts at the bright-field

halogen lamp [Fig. 4(f)] for reflected (top) or transmitted

(bottom) illumination. In the transmittance mode, the light

travels through the specimen on the stage [Fig. 4(d)] through

the selected objective lens [Fig. 4(c)]. In this mode, low

magnification enlarges the field of view, increasing the amount

of incoming light captured.

In the reflectance mode, the light source is positioned

and concentrated above the sample by the objective lens,

TABLE I

HS MICROSCOPIC SYSTEMS EMPLOYED IN THIS WORK

where it reflects from the sample surface back to the lens.

Finally, transmittance/reflectance light is captured by their

respective HS camera [Fig. 4(a)]. In this work, System A

employs a push-broom HS camera, while System B uses a

linescan wedge sensor [63], [64]. Thus, both HS microscopic

systems need spatial scanning to generate an HS cube. Custom

software was developed to synchronize the movement of the

scanning platform with respect to the HS camera frame rate

(see Section II-E). Binoculars [Fig. 4(b)] and joystick

[Fig. 4(e)] help the operator to visually investigate the sample

and move around it to position the field of view in the region

of interest to be captured. Table I details the characteristics

of the optical and electronic parts of each HS camera and

commercial microscope.

B. Characterization Targets

Here, we display the characterization targets that are needed

to measure the parameters under investigation (Fig. 5). For

reproducibility, Table II details the manufacturer and specifi-

cations of each target employed in the experiments.

C. Proposed Methodology

The methodology, proposed as a roadmap to design and

characterize an HS microscopic system, involves assessing the
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Fig. 5. Characterization targets. (a) Universal calibration slide, (b) Siemens
star target, (c) transmittance United States Air Force (USAF) (left) and
transmittance wavelength calibration standard (right), (d) reflectance wave-
length calibration standard, (e) rez checker matte, and (f) reflectance quality
resolution chart.

TABLE II

CHARACTERIZATION TARGETS EMPLOYED IN THIS WORK

previously described parameters in a specific order (Fig. 6).

First, the exposure time should be configured to maximize

the DR and the SNR. Then, spatial resolution and SFR must

be acknowledged to ensure that the HS image has the spatial

resolution needed for a specific application. If the HS camera

needs spatial scanning (e.g., push-broom or line scan), its

Fig. 6. Proposed roadmap for the characterization and validation of HS
microscopic systems.

accuracy must be validated through eccentricity and spa-

tial repeatability parameters. Furthermore, flat-field correction

must be performed over the raw HS images; however, the tone

transfer between real sample and calibrated images may not

be linear. Finally, a spectral sensitivity test would describe the

spectral accuracy of the HS microscopic system.

In Section IV, a brief description of each parameter to be

used for the HS microscopic system design and characteriza-

tion will be performed, providing the necessary background

for carrying out the subsequent work.

IV. EXPERIMENTAL RESULTS

The results obtained through the previously outlined

methodology are presented here. Although both systems oper-

ate at various magnifications, in order to improve clarity, only

the 10× magnification results are shown in this section for

comparison purposes. Data for all other magnifications are

provided in the Supplementary Material and are available for

comparison with other systems from the state of the art.

A. Characterization of an HS Microscopic System

1) Dynamic Range: The methodology proposed by

Shaikh et al. [29] was followed to obtain the DR in both

systems. In transmittance, an empty zone of the calibration

target [Fig. 2(a)] is captured, increasing the exposure time
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Fig. 7. DR mean and standard deviation for Systems A and B
in (a) transmittance and (b) reflectance. The theoretical maximum of DR is
72 and 48 dB for Systems A and B, respectively.

to sweep from the minimum to the maximum exposure time

allowed by the camera. The same procedure is followed

in reflectance, but in this case, the whitest section of the

ISO-21550 standard [Fig. 2(e)] is captured. The brightest pixel

and darkest pixel are obtained for each capture to calculate

the DR (Table SI of the Supplementary Material). In the

transmittance mode, the exposure time values in System A

range from 0 to 38 ms in steps of 2 ms and in System B

range from 0 to 50 ms, being this range wider and following

a nonlinear increment (i.e., 1.1, 1.2, 1.4, 1.6, . . . , 30, 40, and

50 ms). In the reflectance mode, the same values as in

transmittance mode were employed for System A, and for

System B, a range is between 0 and 500 ms following a non-

linear increment (i.e., 1, 5, 10, 20, . . . , 400, 450, and 500 ms).

These differences in the range of exposure times and the

intervals are due to the characteristics of both cameras

(see Fig. S1 in Supplementary Material). From the captured

values, the DR values are calculated, following (1), for both

HS systems and for each magnification (Fig. 7).

Theoretically, the DR of System A can be calculated from

the number of bits of the ADC, see Table I, using (2), resulting

in 72 dB. From Fig. 7(a), it can be observed that the sensor

does not saturate at 10× magnification (it does not at any

magnification either, see Fig. S2), due to the low intensity of

the emitted light and the relatively short maximum exposure

time (40 ms). Thus, its maximum efficiency point would be

the highest possible exposure time. Similarly, the maximum

DR of System B was calculated to be 48 dB and was tested

to quickly saturate at 10× magnification [Fig. 7(b)]. However,

since in transmittance, the darkest pixel intensity gradually

increases, although the brightest pixel keeps saturating, the DR

of System B decreases after reaching its maximum efficiency

point, with a loss of 20 dB over the entire remaining range of

exposure times.

Exposure times were selected at the point of maximum

efficiency: 40 ms for transmittance in System A and 9 ms

in System B, with 40 ms for reflectance in both systems.

However, as previously noted, System A does not exhibit

a distinct maximum efficiency point, so the highest feasible

exposure time was chosen for this system. It should be

noted that when capturing samples in the transmittance mode,

light is sent through the sample, undergoes a few scattering

events, and then reaches the objective at the other end of

the sample. Thus, the higher the magnification, the thinner

Fig. 8. DC mean and standard deviation values of (a) System A and
(b) System B. The maximum DNs are 4095 and 255 for Systems A and B,
respectively. SNR for Systems A and B in (c) transmittance and (d) reflectance.

the objective opening, and so less light reaches the sensor

[Fig. S2(a) and (c)]. However, in the case of samples captured

in the reflectance mode, light is sent from above and only

rays with a reflectance angle of 180◦ are collected by the

sensor. In this scenario, lower magnifications, with higher field

of view, cause more dispersion and not as much light comes

back to the sensor [Fig. S2(b) and (d)]. Therefore, for a given

exposure time, smaller magnifications provide higher DR in

transmittance than in reflectance.

2) Noise Quantification: To quantify the noise of the HS

microscopic systems, the DC was captured over the afore-

mentioned exposure times detailed in Section IV-A1 for each

system. The DC signal is captured by completely blocking

light from entering the HS camera, avoiding the interaction

of the light with the sensor. The HS cameras of Systems A

and B work with different numbers of bits (Table I), and

thus, the maximum DNs are 4095 and 255, respectively.

Considering these values, the results show low and constant

DC values for both systems [Fig. 8(a) and (b)]. Comparing the

DC standard deviation of System A with respect to System B,

the HS sensor of System A has a higher standard deviation,

showing a variation of ∼30 DNs. This may be due to the

systematic offset of 20 DNs that the manufacturer of System A

HS sensor applies to avoid the expected noise [66].

Afterward, the SNR is calculated following (3), over a

capture of the lighter step of the OECF target [Fig. 2(e)].

In concordance with the previously obtained values, the SNR

of System A [Fig. 8(c)] follows a logarithmically increasing

behavior from 5 to 35 dB. In terms of System B [Fig. 8(d)],

it quickly reaches peak values of 110 and 86 dB for trans-

mittance and reflectance modes, respectively. The behavior is

similar among all the magnifications studied (Fig. S3).

3) Spatial Scanning Accuracy: Following the methodology

outlined in Section II-E, the alignment of the HS system

must be tested to ensure the proper configuration of the

scanning parameters. Eccentricity was calculated for each
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Fig. 9. Spatial repeatability mean and standard deviation for Systems A
and B in (a) transmittance and (b) reflectance.

HS microscopic system over all spectral bands, computing

the mean and standard deviation values using each avail-

able magnification. The obtained values are close to zero

(0.037 ± 0.041 for System A and 0.027 ± 0.019 for

System B), having System A 27% better eccentricity than

System B at 10× magnification. Since both systems produce

a mean eccentricity, over all magnifications, of 0.04 and 0.05

for Systems A and B, respectively, it can be established that

the platform scanning speed is adequately characterized for

the optimal exposure times of each magnification and system

configuration (determined in Section IV-A1).

4) Spatial Repeatability: As indicated in Section II-D, the

spatial repeatability of the systems has been obtained as the

RD of two images of the micrometer ruler. Spatial repeatability

results show that transmittance and reflectance have similar

mean and standard deviation RD values (Fig. 9). These results

are consistent with the SNR values obtained in Section IV-A2

and with the results obtained by Fabelo et al. [37].

When evaluating repeatability across wavelengths, the cen-

tral spectral bands consistently exhibit better RD performance

than those at the extremes due to the quantum efficiency of the

sensors. This trend is more evident in System A, which uses a

grating to disperse white light, resulting in reduced sensitivity

at the spectral limits, which affects the overall performance

and reliability of the data in those regions. In contrast,

System B, with its filter-based sensor, demonstrates greater

consistency across the entire wavelength range. This pattern

is persistent when measuring spatial repeatability with other

magnification lenses (Fig. S4).

B. Flat-Field Correction

Following the methodology described in Section II-G, an

HS image of a transmittance wavelength calibration standard

[Fig. 5(c)], composed of 100 lines, was captured in both

systems and calibrated using (9). The calibration process is

repeated for each raw frame, and finally, to obtain an HS

image, a spatial stitch is performed for each frame according to

the requirements of the HS technology employed. In addition,

only in System B, due to the manufacturer’s requirements, it

is necessary to apply a spectral correction matrix to sort the

bands and obtain the spectral information correctly.

Fig. 10 shows how raw values are different for each sys-

tem. The radiance range depends on the number of bits of

the ADC of the sensor (see Table I for the actual values).

Fig. 10. Mean and standard deviation of the spectral signatures extracted
from the raw image (R), WR, and DC of (a) System A and (b) System B.
The maximum DNs are 4095 and 255 for Systems A and B, respectively.
(c) Calibrated data of both systems. Following the recommendation from a
previous study [37], noisy bands have been removed in System A.

However, after calibration, spectral signatures are normalized

between 0 and 1, and different HS microscopic system con-

figurations obtain similar spectral signatures.

To assess the accuracy of the flat-field correction,

Systems A and B calibrated spectra were compared between

them. First, they were interpolated to get the same spectral

bands and then correlated using (10), obtaining a value close

to one (SCM = 0.87 ± 0.02). It is worth noticing that

System A, using a push-broom camera, requires a straightfor-

ward process to conform an HS cube by stitching spatial lines

sequentially. On the other hand, System B utilizes linescan

wedge technology, involving both spatial scanning and spectral

scanning. Thus, achieving the final HS image with System B

requires careful manipulation of the lines to account for both

spatial information and spectral information. The comparison

of both systems spectra with respect to the reference will be

shown in Section IV-C4.

C. Validation of an HS Microscopic System

1) Spatial Resolution: To assess the spatial resolution of

the HS systems, a micrometer ruler [Fig. 2(a)] was imaged

100 times. At 10× magnification, the empirical spatial resolu-

tion (0.739 ± 0.001 μm for System A and 0.558 ± 0.002 μm
for System B) closely matches the theoretical values (0.74 μm
for System A and 0.55 μm for System B). These results

yield a mean RD of 0.13% for System A and 1.45% for

System B. When comparing both setups, System B, with

a pixel size 24.29% smaller than System A, demonstrates

superior spatial resolution, consistent with the sensor pixel

sizes of each system (Table I).

2) Spatial Frequency Response: To determine the Nyquist

resolution, HS images of the Siemens star target were con-

verted to monochromatic images (by averaging all bands)

and divided into eight segments following the methodology
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Fig. 11. MTF mean and standard deviation at 10× magnification across
different spatial frequencies for (a) System A and (b) System B.

employed in [38]. Then, MTF10 was computed in each

segment, following (6), to evaluate the SFR at different

regions of the image. At 10× magnification, the high-

resolution slide target contains greater Nyquist frequencies

(15,485.35 lp/mm for System A and 20,834.83 lp/mm for

System B) than those empirically achieved by the microscopes

under study (371.02 ± 13.03 lp/mm for System A and

632.29 ± 38.05 lp/mm for System B). It can be determined

that System B has a 70% higher limiting frequency than

System A, being better at detecting two adjacent objects. These

results are consistent with the spatial resolutions of Systems

A and B at this magnification.

Furthermore, the SFR was evaluated for each system at

different wavelengths (Fig. 11). In this case, each single-band

image was also divided into eight segments to check the SFR

at different regions of the images. The mean MTF values at

each configuration follow the same trend, starting at maximum

contrast where all white and dark lines are distinguishable

(Imax = 1, Imin = 0, and MTF = 1), to the point of no contrast,

where black and white lines are mixed into gray (Imax = 0.5,

Imin = 0.5, and MTF = 0). Consistent results showed that

the lower the wavelength, the higher the MTF10 (Fig. S5),

following Abbe’s approximation [46] of the diffraction limit.

However, no linear relationship was found between the

limiting resolutions at different wavelengths in any of the

systems. For example, a decrease from 800 to 528 nm, which

represents a reduction of 34% in wavelength, produced an

increase of the limiting spatial frequency of 9% at System A

and 44% at System B. The discussion of the crucial balance

between resolution and wavelength was also described by

the Rayleigh criterion equation (R = 0.61λ/NA) [67], [68].

For a given numerical aperture (NA), lower wavelengths (λ)
provide a higher resolution, which is characterized by a lower

value of the minimum resolvable distance (R), providing

the instrument’s capability to discern closely spaced objects.

However, some limitations, such as the noise produced by the

systems and the uncertainty of the SFR methodology [53],

provide nonlinear results, showing the necessity of further

investigations in this field.

3) Tone Transfer: Although flat-field correction helps to

standardize the HS image with respect to the illumination and

sensor employed, several gray tones absorb differently onto the

sensor (see Section II-H). The mean and standard deviation

reflectance was calculated for each gray step of the OECF

target [Fig. 2(e)]. Results show, far from a linear relationship,

Fig. 12. Mean and standard deviation of the OECF at 10× magnification of
Systems A and B. Reference (Ref) is displayed for comparison.

Fig. 13. Mean and standard deviation of Systems A and B signatures from the
NIST wavelength calibration standard for (a) transmittance and (b) reflectance.

an exponential decay of the reflectance with respect to the

optical density of the sample (Fig. 12). Root-mean-square error

(RMSE) was calculated between Systems A and B with respect

to the reference, providing close to zero values (0.201 ± 0.063

for System A and 0.275 ± 0.015 for System B). However,

while System B deviates more from the reference, reaching a

closely zero reflectance value for a status T density of 1.38,

System A has greater differences between the obtained mean

reflectances (Fig. S6).

4) Spectra Sensitivity: The last parameter being tested

is the spectra sensitivity of the HS microscopic sys-

tems. Following Section II-I, 100 lines of the transmit-

tance and reflectance NIST wavelength calibration standards

[Fig. 2(c) and (d), respectively] were captured at transmittance

and reflectance (Fig. 13). To measure the spectra sensitivity of

the HS microscopic systems, the obtained spectral signatures

were compared, using the SCM metric, to the NIST reference

provided by the manufacturer (transmittance: 0.876 ± 0.008

for System A and 0.911 ± 0.024 for System B; reflectance:

0.590 ± 0.074 for System A and 0.771 ± 0.096 for

System B).

As presented in Section IV-A1, transmittance captures tend

to represent the reference more accurately than reflectance

captures and, thus, their smaller standard deviation. At 10×,
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System B provides better SCM results than System A, 4% and

21% for transmittance and reflectance, respectively. At other

magnifications, System B also presents higher SCM values,

ranging from 0.5 to 0.9 (Fig. S7).

V. DISCUSSION

Understanding the performance parameters of a microscopic

HS system is essential for ensuring accurate data capture and

analysis. To support future developers and users/operators of

HS microscopic systems, we offer practical suggestions for

implementing the methodology proposed in this article, which

should be followed in the given order.

1) Examine the DR of the microscopic HS system to set

its optimal exposure time. Transmittance measurements

generally offer more DR than reflectance ones.

2) Assess DC and SNR to know when the captures are

reliable. Some sensors have a constant DC settled by

the manufacturer (e.g., for System A is 20).

3) Evaluate spatial resolution, especially when differentiat-

ing small-sized spatial features, such as identifying cells

on a histology slide, where achieving high spatial resolu-

tion is essential. Use a micrometer ruler, however, there

may be a misidentification of spatial frequencies due to

aliasing. Thus, assessing SFR is essential, particularly

Nyquist resolution, is important. Lower wavelengths

yield better SFR, following the essential connection

between resolution and wavelength, as outlined by the

Rayleigh criterion. To understand the limitations of an

HSI system in terms of spatial frequency, measurements

should be conducted at longer wavelengths.

4) Determine the appropriate platform velocity for HS

cameras requiring spatial scanning, once the optimal

exposure time and spatial resolution have already been

determined. To check proper alignment, circles should

be captured, and their eccentricity checked for each

magnification. This step is not necessary for those HS

microscopic systems that do not require spatial scanning

(i.e., spectral scanning and snapshots HS systems).

5) Identify spatial repeatability using consecutively cap-

tured HS cubes to evaluate the robustness of the

microscopic HS system. Most probably it experiences

a decline at extreme bands, where the SNR is usually

lower due to the quantum efficiency of the sensor.

6) Perform flat-field correction once HS cubes can be

properly captured. This step serves to standardize HS

captures by mitigating the impact of variations in the

surrounding light environment. Afterward, the image

should be assembled following its HSI technologies

(i.e., push-broom or linescan wedge).

7) Analyze tone transfer, as flat-field correction standard-

izes HS captures but does not address reflectance

variation. Typically, the analysis reveals an exponential

decay of the reflectance with respect to optical density.

8) Quantify spectral sensitivity, which becomes essential

when analyzing spectral properties of the materials

under investigation and aiming to identify specific

absorption peaks. While HS microscopic systems typ-

ically offer strong spatial sensitivities, fluctuations in

TABLE III

SUMMARY OF BEST-PERFORMING HS MICROSCOPIC

SYSTEM FOR EACH PARAMETER STUDIED

SNR have the potential to cause specific spectral signa-

tures to deviate more significantly from the established

reference standard. Systematically identify and quantify

these fluctuations to correct and enhance spectral anal-

ysis reliability.

Moreover, Table III provides a summary of the values

obtained at 10× for each HS microscopic system, determining

which one better satisfies each characterization and validation

parameter (Table SI completes these data by showing results at

all possible magnifications for each system). This information

may serve as a valuable reference for future developers and

users/operators of HS microscopic systems, enabling them

to compare their results with those presented in this article.

It must be noted that spatial scanning, accuracy, spatial res-

olution, and SFR were not evaluated in the reflectance mode

due to the unavailability of specific targets. Similarly, tone

transfer in the transmittance mode could not be tested.

System B employs a linescan sensor composed of spec-

tral filters arranged side by side, requiring scanning of the

entire sensor over the sample to capture material data. This

design excels in spatial parameters, capturing the 2-D scene

simultaneously and enhancing spatial resolution and frequency

response. Additionally, System B offers a superior DR, making

it particularly suitable for applications demanding high spatial

precision and DR, such as detailed analysis of microscopic

structures. However, the complexity of system assembly can

be seen as a drawback.

Conversely, System A uses a push-broom HS camera that

diffracts a ray of light from a spatial line to capture all its spec-

tral bands simultaneously, offering a plug-and-play solution.

This characteristic simplifies the system setup and operation,

making it more accessible for various applications. System A

is superior for high spectral resolution tasks, capturing
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826 bands compared to the 150 bands of System B. This

makes it ideal for applications that require detailed spectral

information, such as identifying specific chemical composi-

tions or detecting subtle spectral features.

VI. CONCLUSION

The lack of a standard methodology to characterize and

validate HS microscopic systems limits their transferability

between different applications and research teams, leading to

variability in results and reduced reproducibility. This lack

of standardization also makes the formal validation of HS

microscopic systems challenging. However, a methodology

based on well-established procedures for characterizing the

different optical and spectral properties of imaging systems

could solve this issue. The main contribution of this article is to

provide a structured roadmap to characterize and validate HS

microscopic systems to improve repeatability and enable com-

parison across various systems. To the best of our knowledge,

this is the first time in which a unified methodology has been

proposed for this purpose, potentially serving as a foundation

for incorporating HS microscopic systems into the “Standard

for Characterization and Calibration of Ultraviolet through

Shortwave Infrared (250–2500 nm) HSI Devices.” Further-

more, the proposed roadmap has been validated through a

round-robin test using two different HS microscopic systems

to test its generalizability. Future research in the field would

employ the proposed roadmap as a technical verification for

the development of HS microscopic systems. Reporting the

quality metrics of these systems would enhance the publicly

available characterization information, which can improve

reproducibility and standardize the technical validation of the

public microscopic HS image datasets.
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Chapter 3. Image Quality 

Optimization 

Once HS microscopic systems have been properly developed and 

characterized, attention must shift toward the quality and fidelity of 

the data they produce. In this context, two critical areas emerge: 

optimizing data quality during acquisition and through subsequent 

processing. During image capture, focus is typically adjusted 

manually by the operator using only visual inspection. This approach 

often results in non-uniform image sharpness, especially given the 

low-light conditions inherent to HSI microscopic and the 

heterogeneous nature of biological specimens. Following 

acquisition, dedicated processing techniques are essential to 

mitigate noise and artifacts, thereby improving data quality and 

ensuring robust, accurate spectral analysis. 

This chapter addresses objective O2, which aims to analyze 

factors influencing image focus, illumination, and signal quality 

prior to data capture, and to develop strategies and protocols for 

consistent, reproducible image acquisition. Here, an in-depth 

evaluation of the limitations of manual focusing is performed, and 

state-of-the-art methods are examined to achieve more uniform and 

reliable sharpness across the FOV. This includes assessing focus 

quality using no-reference image quality assessment (NR-IQA) 

algorithms adapted from RGB to HS data, evaluated over a 

generated database, HIDFA (Hyperspectral Imaging Dataset for 

Focus Assessment), containing 125 reference frames captured at 11 

working distances (1,375 HSI cubes in total). Results indicated that 

while some NR-IQA algorithms showed fluctuating responses across 

different spectral bands, others provided consistent scores 

regardless of wavelength variations. This consistency is particularly 

important in microscopic HSI, where all spectral bands correspond 

to the same focal plane of the microscope. Therefore, the most robust 
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algorithms were identified as those with stable performance across 

the spectrum. These findings lay the groundwork for future 

applications in focus correction, such as automated selection of 

sharpest regions in z-stacking procedures. These findings 

underscore both the relevance and complexity of adapting NR-IQA 

methods to HS imaging. 

Preliminary findings of this work were presented in the 

conference paper (C4) titled “Blur-Specific No-Reference 

Image Quality Assessment for Microscopic Hyperspectral 

Image Focus Quantification” presented in the 11th Workshop on 

Hyperspectral Imaging and Signal Processing: Evolution in 

Remote Sensing (WHISPERS) held in Amsterdam  in 2021. It 

introduced the challenges related to image sharpness in HSI 

microscopic. A more detailed investigation was carried out in the 

journal article (J2) titled “ lur-specific Image Quality 

 ssessment of Microscopic Hyperspectral  mages” and 

published in Optics Express. Together with this work was published 

a public database (HIDFA) for focus quantification so other 

researchers can benefit from it.  

The chapter also addresses objective O3, which involves testing 

several image processing techniques to improve HS microscopic 

data quality following acquisition. Specifically, it focuses on 

assessing effective methods for noise reduction, artifact correction, 

and spectral enhancement, thereby improving spectral fidelity and 

supporting accurate analysis. A series of processing strategies, 

including smoothing filters, standard normal variate (SNV) 

normalization, and spectral derivative computations, were 

systematically benchmarked using root mean square error (RMSE) 

against a known wavelength reference standard. Processing 

efficiency was also considered to balance quality improvement with 

practical applicability. Results demonstrated that individual 

methods such as moving average smoothing, SNV, and first spectral 

derivatives significantly enhanced data quality, with combined 

application producing even greater improvements. Relevant 

contributions were presented in the conference paper (C1) titled 

“ ssessing Processing Strategies on Data from Medical 

Hyperspectral  cquisition Systems” presented in the 27th 
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Euromicro Conference on Digital System Design (DSD) held in 

Paris in 2024. 

Altogether, this chapter provides a comprehensive framework for 

enhancing data fidelity in HS microscopic imaging. By addressing 

both acquisition-time and post-acquisition challenges, it contributes 

to the development of robust methodologies that promote more 

accurate, consistent, and interpretable results in biomedical imaging 

and beyond. 
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Abstract: Hyperspectral (HS) imaging (HSI) expands the number of channels captured within

the electromagnetic spectrum with respect to regular imaging. Thus, microscopic HSI can

improve cancer diagnosis by automatic classification of cells. However, homogeneous focus is

difficult to achieve in such images, being the aim of this work to automatically quantify their focus

for further image correction. A HS image database for focus assessment was captured. Subjective

scores of image focus were obtained from 24 subjects and then correlated to state-of-the-art

methods. Maximum Local Variation, Fast Image Sharpness block-based Method and Local Phase

Coherence algorithms provided the best correlation results. With respect to execution time, LPC

was the fastest.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Traditionally, the study of histology slides in medicine is considered as the gold standard for the

clinical diagnosis of cancer and performing differential diagnosis with tissue alterations (e.g.,

infection or inflammation) [1]. In classical histology analysis, pathologists, using standard bright-

field (BF) microscopy, visually examine the sample (regularities of cell shapes, distributions,

etc.). Then, they study different parameters to determine if the tissue is cancerous and if positive,

evaluate its malignancy level. This procedure is broadly used in hospitals, including prostate [2]

and, cancer diagnosis [3].

Nowadays, the histopathology research trend is to digitize histology slides into whole RGB

(red-green-blue) slides for further computational image analysis. This approach can enhance

diagnosis accuracy, making it more objective in a shorter time [4]. Conventional RGB imaging

differs from hyperspectral (HS) imaging (HSI) in the big number of spectral channels (also

called bands or wavelengths) which HSI can acquire in the electromagnetic spectrum (within

and beyond the visual range). This technology enables the highly precise differentiation of the

materials captured, and so, it can help pathologists to identify and diagnose tissue histology

samples with higher precision compared to traditional RGB microscopy [5].

In previous works of this research group, HS histological images were captured for tumor cell

classification [6] or to synthesize HS images from standard RGB images of normal and cancer

cells using conditional generative adversarial networks (GANs) [7]. However, images may not

have high quality due to several distortions, being the focus one of the most relevant parameters

in HS microscopic images [8]. BF microscopy is a good technique for capturing thin materials

(one layer cell cultures or thin tissue portions) on glass slides but has limitations imaging thick

samples [9,10].

#476949 https://doi.org/10.1364/OE.476949
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Z-stacking techniques are a solution to blurred images produced by imaging non-flat samples.

This approach uses images captured at several working distances (having different parts of the

image focused) and stacks them together into one clearly focused image [11]. For this process to

be automatic, image quality assessment (IQA) must firstly be evaluated [12]. Until now, the most

precise quality evaluation of an image is made by the human eye since it is the end-user of the

multimedia devices. However, obtaining subjective rating by users is a high costly and inefficient

task [13]. Thus, effective, and objective IQA methods are needed for automatically predict the

quality of images before further processing methods are applied.

In this work, we aim to quantify the focus of microscopic images captured at different working

distances. First, a background framework will be presented to deeply explain the different IQA

methods for blur quantification. Then, the materials and methods employed in the experiments

will be described. A microscope with HS capabilities will be used to capture a hyperspectral

image dataset for focus analysis (HIDFA) [14]. Focus of the images will be evaluated using

the human visual system (HVS) and state-of-the-art algorithms [13]. Concluding, both type of

evaluations will be correlated to analyze and discuss the performance of the studied algorithms

applied to different configurations of the HS data, such as synthetic RGB (generated from the HS

images) or monochromatic images.

2. Background framework

2.1. Limitations in HS microscopic data capturing

Blurring in HS microscopic images is highly influenced by the depth of field (DOF) [15]. is the

length between the closest and the farthest points where an object can be captured in acceptably

sharp focus (Fig. 1(a)). Eq. (1) shows the parameters involved to compute the DOF: focal length

(f ), which is the distance from the center of the magnifying lens to the focal point of the sensor;

working distance (WD), which is the distance between the magnifying lens and the surface of the

specimen; f-number (N), which is the ratio of the system’s focal length to the diameter of the

lens aperture; and diameter of circle of confusion (c), which is the light ring formed by the light

beams when not focusing on the same sport. Since c and N are intrinsic to the optical system, the

blurring (Fig. 1(c)) occurs when there are changes in WD and/or f (Fig. 1(b) and (d)).

DOF =
2 · WD2 · N · c

f 2
(1)

First, changes in the WD may occur because of the irregular nature of microscopic samples.

Since the samples are not flat, different areas of the image can be focused on several WDs
(Fig. 1(b)). Figure 1(c) shows the final image when capturing at 20× magnification a non-flat rat

intestine sample using a custom designed HS microscope. Second, variations in f could happen

when several wavelengths are captured. A typical optical issue, chromatic aberration, takes place

when a lens cannot guide all wavelengths’ rays to the same focal plane (Fig. 1(d)).

2.2. Image quality assessment (IQA)

IQA is defined as a process that systematically evaluates the quality of an image based on

human quality judgments (sharpness, graininess, tone scale, and color rendition) [16]. Focused

captures are crucial in most of his applications (e.g., cancer diagnosis in histological samples

[17]), therefore, IQA becomes a key technique that must be investigated. IQA algorithms can be

divided into:

• Full-Reference IQA (FR-IQA) calculates the image quality index by comparing it with a

ground truth capture (e.g., image versus its compressed version). The Peak Signal to Noise

Ratio (PSNR) is a technique of this type [18].
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Fig. 1. Graphical representation of (a) DOF, (b) WD shift and, (d) chromatic aberration

problems. (c) Example of an unfocused rat intestine (20×).

• Reduced-Reference IQA (RR-IQA) extracts features from an image and its reference

for further calculation of the image quality (e.g., extraction of image features for easier

recompositing after compression). The free-energy-based distortion metric is an algorithm

of this type [19].

• No-reference IQA (NR-IQA) does not need any reference image for providing the quality

of an image (e.g., focus of blurred image). The perceptual sharpness index (PSI) algorithm

is classified in this type [20].

In this work, the interest is to enhance the quality of microscopic HS images. Sometimes,

specimens are not perfectly flat, and the high gradient of the sample is bigger than the DOF

offered by the imaging system. The aim of this work is to quantify the blurriness of the captured

image, for a later selection of the most focused image regions. However, due to the lack of ground

truth of blur images, NR-IQA is the best option, but it comes with its challenges. State-of-the-art

studies indicate that the most relevant strategy for judging image quality when no reference is

available, is HVS [13]. Thus, effectiveness of NR-IQA methods can be calculated by correlating

their results (called Objective Scores (OS)) to the values given to the images by the HVS (called

Subjective Scores (SS)). NR-IQA algorithms applied to RGB captures are further classified into

learning-free (edge-free and edge-based), and learning-based (wavelet and Fourier like) methods.

A general summary of the different techniques can be found in Fig. 2 [13]. Next Sections 2.4 and

2.5, will show a more detailed explanation of the state-of-the-art methods to finally select the

ones employed in this work at Fig. 7.

Fig. 2. Summary of the main NR-IQA methods found in the literature.
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2.3. Database design

Before calculating image quality scores, a database (DB) showing different levels of blurriness

must be created. The state-of-the-art shows that available DBs for NR-IQA are mainly based

on RGB images, where blurriness is obtained synthetically by applying a filter over a reference

image. These DBs employ several distortions, such as gaussian noise, chromatic aberrations, or

image denoising to the reference images using several intensity levels.

Some of the most famous RGB DBs used by numerous researchers are the TID2013 [21],

LIVE [22] and CSIQ [23]. Only a few multi/HS image DBs have been found, being the most

relevant one the SIDQ DB [24]. A summary of the state-of-the-art in DBs for NR-IQA is shown

in Table 1.

Table 1. Summary of the Characteristics of the NR-IQA State-of-the-Art DBs

No. reference

images

Spectral range

(nm)

Spatial

range

Types of

distortion

Levels of

distortion

Total No. of

images

TID2013 [21] 25 RGB Macro 24 5 3000

LIVE [22] 29 RGB Macro 5 5 779

CSIQ [23] 30 RGB Macro 6 4 to 5 ∼810

SIDQ [24] 9
410 - 1000

Macro 5 1 45
160 bands

2.4. Subjective scores (SSs)

Traditional methodologies for SS calculation are based on simple stimuli. Nowadays they are

more complex, also registering user strategies and confidence in an opinion [25]. Some of

the new parameters under study are measurement of consistency of the opinion (reliability),

of correct feature (validity) and of specific empirical manipulation (sensitivity) [26]. Before

planning a test to obtain subjective ratings, the panel of subjects must first be decided following

the considerations shown in Table 2. Afterwards, a testing method should also be chosen. The

main characteristics of the different methods can be summarized as follows in Table 3 [25].

Finally, a summary of the main characteristics of the most famous NR-IQA DBs is shown in

Table 4.

Table 2. Characteristics of Subject’s Panel for NR-IQA

Parameter Range

No. of evaluators There are several ITU (International Telecommunication Union) recommendations

(Rec.), such as ITU-T Rec. P.911 [27] or ITU-R Rec. BT.500-11 [28], which describe

subjective assessment methods for evaluating one-way overall audiovisual quality at

multimedia applications. ITU-T Rec. P.911 states: “The possible number of subjects in

a viewing and listening test [. . . ] is from 6 to 40. Four is the absolute minimum for

statistical reasons, while there is rarely any point in going beyond 40”. Moreover,

ITU-R Rec. BT.500-11 advocates at least 15 subjects.

Representative
evaluation panel for the
target application

Subject demographic data (e.g., sex, age, culture, and education level) are important

and can affect the SS [29].

Expertise of the
evaluation panel

Expert users are usually in better agreement than regular users. This way, a smaller

number of people is needed for the experiment. However, their critical opinions may

bring them to lower ratings, creating a bias in the measurements [30,31].

Testing environment ITU recommendations remark that the experiment must be carried out under controlled

lab conditions, although it may not perfectly reconstruct the target application

conditions [32].



Research Article Vol. 31, No. 8 / 10 Apr 2023 / Optics Express 12265

Table 3. Characteristics of Subjective Tests for NR-IQA

Parameter Range

No. of images
compared

It can be single, double, or multi-stimulus. Multiple stimuli may be presented

simultaneously or sequentially.

No. of times an image
is presented

It could be from one to multiple times.

Presence of a reference
image

It can be shown or hidden, depending on whether the subjects know which one are

them.

Reference image rating Users may value the quality of the image alone, both the image and the reference, or the

contrast between both.

Interactivity One or more subjects may be rating the images at the same time.

Rating collection Ratings may be collected per image (time-discretely) or per time interval

(continuously). Recommendations given in [33] indicates that the total time a user

takes to fill a subjective test should not exceed 30 minutes.

Range of test images Usually, rating scales have five discrete levels (e.g., from “bad” to “excellent”), but

language dependent scales are non-linear due to different understanding of the words.

Thus, bigger ranges are also employed (e.g., 7, 9 or 11 points). Continuous scales could

be employed too. However, this option may incorporate noise to the ratings due to

limitation of humans to distinguish infinite levels of a certain quantity. Moreover,

different users can have quite several opinions about the quality range of the images

under study, so high and low anchor captures could be shown for better scale

understanding [34].

Table 4. Subjective Test Features for Dataset Labeling

TID2013 [21] LIVE [22] CSIQ [23] SIDQ [24]

Su
bj

ec
t’s

Pa
ne

l

No. Observers 971 161 25 14

Expertise in
evaluation
panel

Students, tutors,

and researchers

Male college

students

NF 22-66 years old

Testing
environment

Controlled lab

setup or Internet,

flexible viewing

distances

Controlled lab

setup, flexible

viewing

distances

Controlled lab

setup, fixed

viewing distance

Dark room

Su
bj

ec
tiv

eT
es

t

No. of images
compared

3 1 866 3

No. of times an
image is
presented

9 1 1 NF

Presence of a
reference image

Yes No No Yes

Reference
image rating

No No No No

Interactivity Indifferent Indifferent Indifferent Indifferent

Rating
collection

∼17 mins NF NF NF

Range of test
images

Pair-wise sorting

with respect to

the original

Excellent, Good,

Fair, Poor, Bad

Linear

displacement of

the images across

four calibrated

LCD monitors

Pair-wise sorting

with respect to the

original.

(0-9) (1-5) (0-1)
Ties allowed.

(0.5 to majority hit

rate)
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Before the testing, subjects are typically given training to familiarize them with the interface.

Once the test has taken place, studying the results can help removing unreliable subject responses.

However, we must be careful since it may also eliminate just valid opinions. After screening,

the SSs are transformed to mean opinion scores (MOSs) [25], which inevitably represents the

view of a majority. Over the years, MOS have become the most popular ratings for media quality.

But we must consider that the arithmetic averaging of opinions assumes homogeneity among

subjects. Thus, statistics should be applied over MOS values [25].

2.5. Objective scores (OSs)

Although we have seen that subjective quality tests are essential for image quality analysis, they

involve a lot of disadvantages (e.g., they are time-consuming to perform, biased by the user, etc.).

Thus, objective quality scores (OSs) should be employed. The following sections explain the

objective models, how they work and some applications in which they are used.

2.5.1. Edge based

Cumulative probability of blur detection (CPBD) [35] is based on the study of human blur

perception for varying contrast values. Edge pixels are firstly counted, if no edges are detected,

the area is classified as smooth block and, edge block otherwise. For the last ones, contrast and

edge width are computed. Then, the probability of finding blur at each edge is calculated and the

normalized histogram of these values give the final CPBD value.

In [36], a NR-IQA metric is presented based on edge model (EMBM). The edge model can

estimate width and contrast at the same time for each pixel. Thus, probability of belonging to a

salient edge pixel can be determined, simulating the blur assessment performed by the HVS. The

final value is obtained by adding the probability of the different pixels.

Perceptual sharpness index (PSI) [20] is calculated based on the statistical analysis of local

edge gradients. It selects the biggest edges in the image through an adaptive edge selection

procedure. Then, the edge widths of the selected edges are computed and the ones above the Just

Noticeable Blur (JNB) width are subtracted. These steps are repeated in a block-wise way to

create the local sharpness map, where the highest qth percentile average of the local sharp scores

provide the final PSI score.

2.5.2. Edge free

ARISM (autoregressive-based image sharpness metric) is a blind edge free method for focus

quantification. It calculates the sharpness score by examining the variance of the locally evaluated

autoregressive values in a pointwise way. ARISM also takes into account the color information to

assess the sharpness of the image. In [37], the authors propose ARISMc, after extending ARISM

to the YIQ space.

Maximum local variation (MLV) is defined by Bahrami et al. [38] as the higher intensity

contrast of a pixel with respect to its 8-neighbors. Sharpness is defined by high variations, thus

the pixels’ MLVs are subjected to a weighting strategy. Heavier weights are assigned to greater

MLVs, making the tail end of the MLV distribution thicker, and becoming more discriminative

for different blur degrees. At the end, the metric value is computed from the standard deviation

of the weighted MLV distribution.

2.5.3. Wavelet

The fast image sharpness (FISH) method estimates both local and global image sharpness

[39]. First, it decomposes the image in three different discrete wavelet transformations (Cohen-

daubechies-fauraue 9/7 filters [6]). Next, the log-energies of each sub-band are calculated for all

the transform levels. Finally, the sharpness score is calculated by a weighted average of these

log-energies.
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Hassen et al. [40] followed the idea that local phase coherence (LPC) structures are just

shown in sharp edges. That way, they proposed the LPC-based sharpness index (LPC-SI). The

algorithms first pass an image through 3-scale 8-orientation log-Gabor filters and then, repeat

for each orientation and spatial location. They do not use block-based computation, but an

efficient algorithm that largely simplifies the LPC calculation, making it easily usable in multiple

applications.

2.5.4. Fourier like

Blind image blur evaluation (BIBLE) method [41] starts by calculating the gradient of an image to

evaluate its shape. Afterwards, the gradient map is split into blocks and the Tchebichef moments

are computed. The sum of squared non-DC moment values defines the energy of a block. At the

end, the variance-normalized moment energy (simulating the HVS) provides the BIBLE index.

Vu et al. [42] proposed a spectral and spatial sharpness (S3) measure. The spectral measure

S1(x) is calculated by the reduction of high-frequency components in unfocused captures followed

by a rectification using the sigmoid function to follow the HVS. The spatial measure S2(x) is

obtained based on the local total variation. The sharpness map S3 is calculated by obtaining the

geometric average of S1(x) and S2(x) of each independent block. Finally, to consider the HVS,

the final blur index is calculated as the mean of the largest 1% scores of S3.

2.5.5. Shallow learning

SPARISH (NR Sparse representation-based Image Sharpness) is based on sparse representations,

representing signals with as few as possible significant coefficients [43]. Since a focused capture

is defined by the localization of edges, a dictionary (made of edge patterns) can be used to

measure the blurriness level. The sharpness score is defined as the variance-normalized energy

(relative strength of blur in an image) of a group of chosen high-variance blocks. This algorithm

is beneficial for real-world applications since it is not sensitive to training images and so, can

evaluate different images using a universal dictionary.

3. Materials and methods

3.1. Instrumentation and sample description

The instrumentation employed in this study consists of an HS camera coupled to a conventional

BF microscope (Fig. 3). The BF microscope is an Olympus BX-53 (Olympus, Tokyo, Japan).

The HS camera is a Hyperspec VNIR A-Series from HeadWall Photonics (Fitchburg, MA, USA),

which is based on an imaging spectrometer coupled to a CCD (Charge-Coupled Device) sensor,

the Adimec-1000 m (Adimec, Eindhoven, Netherlands). It has four magnification lenses: 5×,

10×, 20× and 50×. These numbers refer to the magnification achieved by the system to capture

the sample (e.g., a 4× objective lens is magnifying the sample four times its size). This HS

system works in the visual and near-infrared (VNIR) spectral range from 400 to 1000 nm with a

spectral resolution of 2.8 nm, sampling 826 spectral channels and 1004 spatial pixels per line.

The push-broom camera performs spatial scanning to acquire an HS cube with a mechanical

stage (SCAN, Märzhäuser, Germany) attached to the BF microscope, which provides accurate

movement (±3 μm accuracy) of the specimens in the 3 axes directions: [x, y, z]. The objective

lenses are from the LMPLFLN (Long working distance Plan SemiApochromat) family (Olympus,

Tokyo, Japan), which are optimized for infra-red (IR) observations. The light source is a 12 V,

100 W halogen lamp. This system was previously employed in histological HS analysis of

brain cancer samples [17], breast tumor cell detection [6] and disease biomarker identification

in plasma [44]. Furthermore, to create our DB, 125 plant and animal histology samples (rat

histology, stems, leaf structure and blood smears) from the company Brunel microscopes Ltd
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(England, UK) were employed (Fig. 3). These microscope slides are characterized by being

theoretically flat, so no roughness is expected in the specimens.

Fig. 3. Laboratory HS microscope employed in this work. (a) HS camera. (b) Eyepieces.

(c) Motorized stage. (d) Objectives. (e) Light sources. (f) Joystick to move the stage. (g)

RGB imaging software. (h) HS imaging software where a single HS frame can be visualized

for focusing purpose. (i) Example of a histology rat liver tissue sample. (j) Example of

histology cotton stem sample.

3.2. Database description

A dataset for focus analysis was obtained by capturing several images at different WDs to produce

different levels of blurriness. Samples to be captured included rat intestine (Fig. 4(a)), bird

blood (Fig. 4(b)), cotton leaf (Fig. 4(c)) and cladophores (Fig. 4(d)). However, the last ones

were the least suitable for this experiment since they have a homogeneous spatial frequency and

differences in blurriness are difficult to differentiate. Moreover, algae samples were also tested

for this experiment, but it was discovered that they were non-flat and so, they cannot be included

in these experiments (Fig. 4(d)).

Fig. 4. Focused ROI images captured at 10× of different samples: (a) Rat intestine tissue;

(b) Bird blood smear; (c) Cotton Leaf; and (d) Cladophores Algae. Scale bar: 50 μm.

Concerning the objectives lenses, in our HS acquisition system light attenuation is inversely

proportional to the magnification. Thus, the higher the magnifying power, the higher the power

of light it is needed to capture the sample. Using the default light system, it is not able to capture

clear images using 50× objective lens. So, knowing that tissue structures captured at different

magnifications can resolve different classification problems, three objective lenses (creating

different pixel sizes) were selected (5×, 10×, 20×).

To select the number of images in the database, we had to consider that they would have to

be reviewed by different users. Thus, following the ITU recommendations cited in Table 3, the

total time of the test should not exceed 30 minutes. A pair of images is evaluated in around two

seconds [45] so, it is possible to perform 900 rounds in 30 minutes. However, to be able to

include some more images, we opted to design the subjective test in two sections of 20 minutes

each, being able to perform 1200 pair comparisons in total. Following the swizz tournament,

24 pair comparisons (11 images, 2 images per round, 4 round per sample) are needed for each
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sample. In conclusion, no more than 50 samples could be tested per magnification (considering

that each magnification is performed by different subjects).

A summary of the number of reference images captured at each magnification and using each

sample is shown in Table 5. The total number of images refers to the total number of reference

images multiplied by the 11 levels of distortions selected in this work (i.e., number of images

captured at different WDs for each reference image).

Table 5. Summary of the number of images and samples included in
the HIDFA database.

No. of reference images
Total No. of images

5× 10× 20× Total

Rat histology 8 16 16 40 440

Leaf structure 5 10 6 21 231

Stems 16 10 19 45 495

Blood smears 0a 7 5 12 132

Freshwater Algae 0a 3 3 6 66

Total 29 46 49 124 1364

aNo images were captured of blood smears and freshwater algae at 5× because

they are mostly homogeneous and blur quantification algorithms could not perform

properly.

The focusing process on HS data capturing using push-broom cameras is based on the

subjective approach of the user. The HS image is focused by looking into one frame given by

the push-broom camera (Yλ frame shown in the grey image on the right at Fig. 5) and finding

the sharpest spatial frequency along the different WD from the sensor to the sample. For each

specimen, the focus point, WD0, was firstly found (Fig. 5). The procedure continued by moving

upwards a distance of Δz (N−1)
2

. From this point, N HS images were captured distancing Δz each

time from the previous image. N was always odd, producing the same number of slices upwards

and downwards of WD0. For each set of N HS images captured, a white and a dark reference

image were also obtained at WD0.

Fig. 5. Proposed HS DB capture procedure. Firstly, WD0 was found and then N HS images

were captured distancing Δz from each other.

Conventional HS calibration was performed over the HS cubes [8]. This is a standard procedure

for flat field correction to transform captures to normalized transmittance. A push-broom frame

is a capture of one spatial line containing the whole spectra of each pixel (1004 pixels× 826

spectral bands using the system of this work). During the capture process, a white reference

image is recorded by capturing one push-broom frame of the light incident on the HS sensor (See

Fig. S3 on Supplement 1). Similarly, the dark reference is obtained by turning off the light from
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the system. Thus, an upper and lower light range are set. Then, Eq. (2) is performed over each

push-broom frame (R) separately, to normalize the light.

I =
R − DR

WR − DR
(2)

Then, preprocessing of the images were performed to reduce noise by removing the extreme

bands as studied in [46], resulting HS cubes of 645 bands. After capturing and preprocessing the

HS cubes, monochromatic images and synthetic RGB images were extracted. Monochromatic

images were obtained by averaging the 645 bands of the preprocessed HS cubes. Synthetic RGB

images were obtained by applying the normal probability density function for each RGB channel

(R= 470± 0.04, G= 560± 0.06 and, B= 590± 0.08 nm), trying to imitate the HVS (see section

S4.2. of Supplement 1).

Summarizing, 125 samples were selected for this specific application, captured at different

WD from the focused plane and then, HS images were calibrated and preprocessed. Finally, a

total of 1,375 HS images conformed the HIDFA and were used for testing different OSs.

3.3. Metrics for blur assessment

3.3.1. Subjective WD-based score (SSWD)

This score was given to each image according to their different WDs between the specimen and

the objective lens. Thus, WD of each image can be calculated following Eq. (3), knowing that

WD0 is the point where the HS image is focused by visual inspection and, Δz was the increment

distance between captures (0.2, 0.1 and 0.05 mm for 5×, 10× and 20×, respectively).

SSWD =
WD0 ± WD
Δz

(3)

3.3.2. Subjective MOS score (SSMOS)

This score was obtained in the form of MOS. All-play-all blurriness comparison between these

images is practically non-viable, thus, the Swiss system tournament was employed. The principle

of a Swiss competition is that each player will be pitted against another player who has performed

as well (or as poorly) as themself. The first round is either drawn at random or seeded according

to rating. The advantages of this method are twofold: it can find a clear winner between many

competitors (the one that reach to the end without a single bad result), and it has a relatively

small number of total rounds [47]. In our case, tournaments were organized between 11 different

blur versions of a reference image, where users had to select the image closest to the reference

one (Fig. 6). Ties were allowed. The first round was set randomly. Tournaments were developed

in the scope of Microsoft Access in Windows 10. Moreover, subjective tests took 45 minutes,

making a 5-minute pause in the middle of the experiment.

Fig. 6. Example of a round following the Swiss tournament system.

After all tests were completed MOS values for each single image were calculated following

Eq. (4), where Rn is the rating of a subject over such image and N the total number of subjects
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that went through the subjective test.

SSMOS =

∑N
n=1 Rn

N
(4)

3.3.3. Objective scores

The main OSs employed for blur assessment were explained in section 2.5. In our experiments,

we are concentrated on studying learning free methods, which can be further divided as shown

in Fig. 7. From each of the four learning-free NR-IQA algorithm categories, the best available

algorithm for monochromatic images was chosen. First, these algorithms were evaluated in a

set of monochromatic images (computed from the mean of all wavelengths of the preprocessed

HS image) at different WDs, since there is dependency between WD and focus. Then, they

were applied to each band of each image, independently, to show the dependency between the

wavelength and the focus (to prove the existence of any chromatic aberration). Experiments were

carried out in MATLAB R2020a in a Windows environment (Microsoft Windows 10 Pro) with

an Intel i7-10700 K 3.80 GHz and 64 GB RAM.

Fig. 7. Summary of all scores employed in this work.

3.3.4. Results evaluation

Once all the scores employed in this project have been explained in detail, next step was to

correlate their results to test the quality of the different objective methods. To evaluate the

obtained results, the Video Quality Experts Group (VQEG) [48] proposes mapping the SS to the

OS. Since two different SSs (SSWD and SSMOS) were computed for each capture, three different

correlations were performed: 1) SSWD to SSMOS; 2) SSWD to OS; and, 3) SSMOS to OS.

VQEG performs the mapping following Eq. (5), where τ1 = max F(OS) , τ2 = min F(SS), τ3 =

mean(SS), and τ4 = std(SS)
4

.

(SS) =
τ1 − τ2

1 + e
SS−τ3
τ4

+ τ2 (5)

Afterwards, three evaluation metrics were calculated to evaluate the method’s performance: 1)

Spearman’s Rank-Order Correlation Coefficient (SRCC), which employs a monotonic function;

2) Pearson’s Linear Correlation Coefficient (PLCC), which is a measure of the linear correlation

after nonlinear mapping; 3) and Root-Mean-Square Error (RMSE), which is used to measure the

differences after the nonlinear mapping. In competitive NR-IQA algorithms, the values of SRCC

and PLCC are close to one, while the value of RMSE is close to zero.

4. Experimental results

4.1. HIDFA creation

Following the common procedures to create a database for IQA, the HIDFA database was

generated (section S3, Fig. S2, Fig. S3 and Fig. S4 from Supplement 1) and it is now publicly
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available (more information in data availability). HIDFA is characterized by increasing the

number of reference images to 125 and the number of bands to 826 (Table 6). At the end, a total

of 1,375 HS images were captured. ITU recommendations, explained in Table 2, indicated that at

least 15 subjects are needed but no more than 40. Thus, a number of 24 participants was selected.

Since each magnification would need a different reviewer, only images at 10× were employed for

SSMOS calculation. Concluding, twenty-four subjects evaluated a total of 46 reference images at

11 levels of distortion (506 images), resulting in 12,144 ratings.

Table 6. Comparison between HIDFA and other NR-IQA DBs

No. reference

images

Spectral range (nm) Spatial

range

Types of

distortion

Levels of

distortion

Total No.

of images

TID2013 [21] 25 RGB Macro 24 5 3000

LIVE [22] 29 RGB Macro 5 5 779

CSIQ [23] 30 RGB Macro 6 4 o 5 ∼810

SIDQ [24] 9 410–1000 (160 bands) Macro 5 1 45

HIDFA [14]
29 at 5× 400–1000 (826 bands) Micro 1 11 1364

46 at 10×

49 at 20×

Sociodemographic data of the subjects were studied to determine if SSMOS values were

independent of the subject characteristics (Table 1 of Supplement 1). Subjects aged between

20 and 76 years (Fig. S1 of Supplement 1), being 15 men and 9 women. Two thirds of them

were qualified workers (only two did not go to university) while the rest were students. Thus, the

average intellectual activity presented medium-high values. Regarding to the clinical variables,

except for two subjects, they did not have a psychiatric history. None of the subjects presented

hypertension or type II mellitus diabetes. In terms of visual acuity, we found some variability:

two thirds had normal vision, while the rest had some vision problem, and so, wore glasses

(except for one person with astigmatism who did not wear glasses). One of the subjects with

normal vision had an eye surgery (more information on section S1. of Supplement 1).

Moreover, to determine whether sociodemographic data could be related to SSMOS results, a

statistical analysis was performed. To this aim, SSMOS scores were calculated for each categorical

value (e.g., SSMOS for men and women). Standard deviation was computed over the 11 levels of

distortions for a single reference image. The result were vectors of 46 values one per reference

image. Finally, t-test and ANOVA [49] methods were performed between the standard deviation

vectors of a feature with two or more categories, respectively. Statistical tests were employed

to evaluate, at the 5% of significance level, if the null hypothesis is rejected (each variable is

independent to the SSMOS results). None of the features presents a p<0.05, so, not statistically

significance was found. According to this statistical analysis, we can argue that SSMOS results are

independent to the sociodemographic data of the subjects.

4.2. SS analysis

SSMOS values of the images taken at 10× (46 set of images) were calculated. To this aim, synthetic

RGB images were generated by imitating the human eye spectral response [50]. Figure 8 shows

the distribution of SSMOS (from 1 to 6) along the SSWD for four sample z-stack groups. Same

results were obtained for all set of images of HIDFA. Mean correlation between SSMOS and SSWD
was measured, achieving SRCC = 0.89, PLCC = 0.8 and RMSE = 0.77.
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Fig. 8. Results of SSMOS values for sample z-stack groups: (a) rat intestine tissue; (b) bird

blood smear; (c) cotton leaf; and (d) cladophores.

4.3. OS score analysis

OSs were calculated over the synthetic RGB images, and the results were correlated to the SSWD

and the SSMOS, as displayed in Table 7. Overall results are similar using both SSs. The best

performance was achieved employing MLV, FISHbb, LPC and S3 algorithms. Same procedure

was repeated for the monochromatic HS images obtained averaging all the bands of the HS cube

(Table 8). In these results, ARISM, BIBLE and S3 algorithms were not computed since they

only work for RGB images. The best performance was achieved employing MLV, FISHbb and

LPC algorithms. Since there is a high correlation between the results obtained for SSWD and

SSMOS, the latter was used in the next experiments to simplify the presentation of the results.

Table 7. Correlation Results for RGB Images

Method CPBDM

[35]

EMBM

[36]

PSI

[20]

ARISM

[37]

MLV

[38]

FISHbb

[39]

LPC

[40]

BIBLE

[41]

S3

[42]

SPARISH

[43]

SS
W

D

SRCC↑ Mean 0.62 0.69 0.72 0.50 0.84 0.90 0.83 0.72 0.87 0.7

Std 0.26 0.24 0.25 0.26 0.15 0.06 0.18 0.23 0.08 0.22

PLCC↑ Mean 0.63 0.64 0.70 0.51 0.81 0.84 0.82 0.76 0.81 0.76

Std 0.24 0.22 0.22 0.28 0.12 0.05 0.13 0.13 0.06 0.13

RMSE↓ Mean 2.32 2.33 2.04 2.50 1.80 1.98 1.72 2.12 2.05 2.14

Std 0.41 0.34 0.18 0.52 0.18 0.09 0.21 0.18 0.10 0.18

SS
M

O
S

SRCC↑ Mean 0.61 0.67 0.69 0.5 0.80 0.85 0.82 0.66 0.85 0.65

Std 0.27 0.27 0.28 0.26 0.25 0.21 0.23 0.28 0.19 0.28

PLCC↑ Mean 0.62 0.59 0.67 0.5 0.77 0.80 0.80 0.70 0.77 0.7

Std 0.24 0.22 0.27 0.27 0.24 0.17 0.21 0.23 0.17 0.22

RMSE↓ Mean 2.33 2.33 1.94 2.57 1.63 1.80 1.50 1.98 1.90 2

Std 0.63 0.47 0.44 0.71 0.40 0.31 0.45 0.30 0.22 0.3

4.4. OS analysis over single bands

After the evaluation of the focus OS on synthetic RGB and monochromatic images, we tested

the focus measurement on the different bands of the HS cubes independently. The OS were

computed over single band images (except for ARISM, BIBLE and S3 algorithms). Figure 9

shows the comparison of the results obtained for the monochromatic (mean over bands before

metric computation) versus single band images (mean over bands after metric computation).

Results show that methods can be divided in two: the ones with not similar means (CPBD,

EMBM, PSI and, SPARISH) and the ones with similar means (MLV, FISHbb and, LPC).

For clarification, metric values were plotted against wavelength for focus visualization (Fig. 10).

Some metrics seem to find differences between bands (CPBD, EMBM, PSI and, SPARISH),
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Table 8. Correlation Results for Monochromatic Images

Method CPBDM

[35]

EMBM

[36]

PSI

[20]

MLV

[38]

FISHbb

[39]

LPC

[40]

SPARISH

[43]

SS
W

D

SRCC↑ Mean 0.6 0.73 0.47 0.89 0.9 0.83 0.61

Std 0.31 0.13 0.27 0.09 0.07 0.14 0.25

PLCC↑ Mean 0.61 0.74 0.49 0.83 0.84 0.81 0.69

Std 0.29 0.06 0.27 0.07 0.06 0.12 0.22

RMSE↓ Mean 2.44 2.18 2.34 1.99 1.96 1.78 2.17

Std 0.54 0.18 0.47 0.09 0.09 0.18 0.2

SS
M

O
S

SRCC↑ Mean 0.6 0.72 0.45 0.85 0.85 0.8 0.56

Std 0.31 0.18 0.29 0.24 0.23 0.24 0.29

PLCC↑ Mean 0.62 0.69 0.45 0.8 0.81 0.8 0.64

Std 0.28 0.16 0.3 0.17 0.18 0.19 0.26

RMSE↓ Mean 2.46 2.11 2.45 1.8 1.76 1.57 2.06

Std 0.78 0.33 0.66 0.33 0.33 0.46 0.36

Fig. 9. Results of SSMOS values versus OS for monochromatic images (a) SRCC; (c) PLCC;

and the RMSE. Results of SSMOS values vs OS for single band images (b) SRCC; (d) PLCC;

and (f) RMSE.
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while others keep a constant focus metric over the different wavelengths (MLV, FISHbb and,

LPC). These results agree with the ones previously obtained.

Fig. 10. Results of SSMOS values versus OS for each single band image using the selected

algorithms: (a) SRCC; (b) PLCC; and (c) RMSE.

4.5. OS analysis over single sample groups

To make a reliable wavelength comparison, samples must be divided into samples groups (blood

smears, leaf structures, rat histology and stems). Figure 11 presents the results of the OS for each

sample group and their mean HS signature. Overall, it can be deduced that worst metric values

are obtained at lower information bands (HS signature lower peaks). The low blur value may be

due to the few edges found in images with almost no color in such wavelength.

4.6. OS analysis over single frames

As it is not clear which algorithms are behaving accordingly to reality, further analysis was

performed. Specific cases were studied by displaying a single band image from HS cubes for

visual examination. Figure 12 show the monochromatic picture and several single band images

of a rat histology capture at their most focused point (SSWD = 6). PSI was the method selected to

represent the ones that seem to find differences between bands, while FISHbb was representing

the ones that keep a constant focus metric over the different wavelengths. PSI values decrease

along with the loss of information in the image, while FISHbb values keep constant values. Thus,

for an image with the same SSWD for all wavelengths, FISHbb better recognizes the focus level

along all bands.

4.7. Summary of the experimental results

In this work, several results have been obtained. Firstly, in order to test different blur quantification

algorithms, the HIDFA was generated. Then a subjective test was carried out over 24 participants

in order to recollect the MOS values of each synthetic RGB image of the dataset. Using these

data, several state-of-the-art algorithms have been employed to select the most appropriate one

for HS microscopy samples. MLV, FISHbb, LPC and S3 were the algorithms that provided the

best results on synthetic RGB images. Afterwards, since HSI is intended for data collection of

data across the light spectrum, each wavelength image was analyzed independently (ARISM,

BIBLE and S3 methods could not be used because they only work over RGB images). From the

results obtained, algorithms can be divided in two groups: methods that obtain similar values for

the entire spectrum (G1: MLV, FISHbb and, LPC) and the ones that obtain different values (G2:

CPBD, EMBM, PSI and, SPARISH). Afterwards, the images were divided into their original

sample groups and the main HS signature was calculated for each one of them. In Fig. 11 it

can be appreciated that G2 algorithms behave according to the information found in each band.
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Fig. 11. SRCC correlation to SSMOS values for: (a) rat histology; (b) blood smears; and (c)

leaf structure; and (d) stems.

Fig. 12. Image of a rat intestine tissue at different wavelengths (W) and their corresponding

OS values for the PSI and FISHbb algorithms, being SSWD = 6.
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Thus, we can conclude that G1 algorithms are sample independent while G2 methods are not. An

example is found on Fig. 12, where different wavelength frames are shown next to their scores

for one algorithm of each group. It can be appreciated that, although for the chromatic image

PSI and FISHbb scores are similar, they vary along wavelengths. It is remarkable how FISHbb

remains almost constant, although the spatial information is very different in each of the frames.

Since all the spectrum of a HS cube is focused at the same WD, it would be coherent for all the

bands to have the same score, making G1 algorithms more reliable.

5. Conclusion

Histopathology is the gold standard for cancer diagnosis. HSI is a novel technique that is showing

high potential to improve the identification of tumor tissue and other diseases. High quality

images are required to obtain an accurate automatic tissue classification. However, optimal focus

is not always achieved due to the irregular surfaces of the samples. Thus, focus assessment

becomes a relevant step before classifying histology images. In this paper, the state-of-the-art

related to the existent OSs that quantify blurriness has been studied. Existing NR-IQA databases

have also been reviewed.

One relevant contribution of this work is the creation of a public HS database for focus

assessment based on 125 reference frames taken at 11 different WDs (a total of 1,375 HS cubes).

SSMOS scores were obtained by asking 24 subjects to complete a subjective test, where images

were rated following the Swiss tournament system. Afterwards, such SSs were correlated to

the previously studied OSs. The evaluation of these techniques, applied to synthetic RGB and

monochromatic images generated from the HS cubes, agreed that the algorithms with better

performance are MLV, FISHbb and LPC (SRCC>0.85, PLCC>0.8 and RMSE<1.8). Then, OSs

were also calculated over single band images, creating two groups of algorithms: the ones that

obtain similar values for all the spectrum (G1: MLV, FISHbb and, LPC) and the ones that obtain

different values (G2: CPBD, EMBM, PSI and, SPARISH). To select one group, the database was

divided in the four origin groups (blood smears, leaf structures, rat histology and stems) and the

HS signatures were compared to the values given by the algorithms. Since the entire spectrum

of a HS cube is focused to the same WD, it would be coherent for all bands to have the same

score. Thus, G1 algorithms should be selected since their score remain constant to information

change along bands. Concluding, the most important contribution of this work is the finding of

G1 algorithms to be more reliable for this application. Future work includes the use of these

algorithms in z-stacking applications. The idea is to correct the blurriness, caused by different

factors (Fig. 1) over the HS cubes. To this aim, the selected algorithms will be further studied to

select the most focused areas and spectral bands over a range of HS cubes captured within the

system’s DOF.
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Chapter 4. Light - Histology 

Sample Interaction 

While recent advancements in HS microscopy have focused 

primarily on sensor and system development, another critical factor 

influencing image quality is the preparation of the biological samples 

themselves. Histological analysis of biopsy samples is currently the 

gold standard for tumor detection and classification, relying on high-

resolution imaging to distinguish cellular structures. To achieve 

optimal image sharpness in WSI microscopes, tissue sections are 

traditionally cut into thin slices, typically 3 to   μm thick, and stained 

with contrast-enhancing dyes such as H&E. However, in HS 

microscopy, obtaining diffuse transmittance from a sample, based 

on the principles of tissue-light interaction, may require different 

sample preparation techniques to acquire additional valuable 

spectral insights from biological tissues. 

This chapter addresses objective O4 of the Ph.D. thesis, which 

focuses on investigating how biological sample preparation, 

specifically tissue thickness, affects the spatial and spectral 

characteristics of HS microscopic images, and on proposing 

guidelines that improve image quality and diagnostic reliability. To 

fulfill these goals, a multi-phase approach was followed. First, 

experimental imaging was conducted on H&E-stained breast tissue 

sections prepared at 2 μm and   μm thicknesses.  ased on H&  

spectral transmittance peaks, HS images were segmented into 

stroma eosin-stained, nuclei hematoxylin-stained, and background 

unstained regions. Results showed that   μm samples not only 

provided a greater number of imaged cells but also exhibited 

improved spectral contrast, suggesting enhanced tissue-light 

interaction and better structure discrimination in HS data compared 

to thinner sections. On a second phase, a study was performed to 

explore sample thickness, beyond conventional histology protocols, 
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through computational analysis. A literature review revealed that 

approximately 40% of HS microscopy studies do not report tissue 

thickness, and among those that do, 98% use slices between 2 and 

   μm. To assess the influence of unstained tissue thickness on MS 

and HS image quality, a set of Monte Carlo light transport 

simulations was carried out across various tissue types (i.e., breast, 

liver, lung, and colorectal). The simulations demonstrated that thin 

samples yield poor spectral discrimination due to insufficient light-

tissue interaction, while thicker samples approaching     μm enable 

improved tissue classification at the expense of light intensity. 

The first approach was presented in the conference paper (C2) 

titled “Analyzing Histology Hyperspectral Images, Does 

 issue  hickness Matter” presented in SPIE Photonics Europe 

Conference held in Strasbourg in 2024. It introduced the impact of 

sample thickness on spectral and spatial information quality. While 

the second approach was later developed during the Ph.D. 

Candidate’s research stay at the Image-Guided Surgery Department 

(M3), The Netherlands Cancer Institute, in collaboration with 

experts in biomedical optics and cancer histology. The 

comprehensive results were published in the journal Biomedical 

Optics Express (J3) under the title “ xploring the  ole of 

Sample Thickness for Hyperspectral Microscopy Tissue 

Discrimination through Monte Carlo Simulations”. 

This chapter underlines the importance of interdisciplinary 

research in the development of reliable HS microscopic data, 

showing that technical advances in sensors and algorithms must be 

matched by optimized biological sample preparation. By addressing 

the often overlooked variable of tissue thickness, this work 

contributes to the establishment of improved protocols that promote 

accurate, reproducible, and clinically relevant HS imaging for 

medical diagnostics. 
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C2. Analyzing Histology Hyperspectral 

Images: Does Tissue Thickness Matter? 
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ABSTRACT 

Cancer is one of the leading causes of death, thereby, contributing to their quick diagnosis or treatment is of greatest 
importance. Nowadays, tumours are mainly diagnosed and graded histologically using biopsies. Since the images need to 
be sharp to distinguish biological structures, samples are thinly sliced (3-5 μm) to avoid scattering and contrast is obtained 
using highly absorbance dyes (e.g., Haematoxylin and Eosin (H&E)). RGB (Red-Green-Blue) cameras have been widely 
employed to acquire those images, while new approaches, such as Hyperspectral (HS) Imaging (HSI), have been arising 
to obtain a greater amount of spectral information from the samples. However, in order to have diffuse light for the HS 
cameras to capture it, the thickness of the sample should be bigger than the ones employed in conventional microscopy. 
This work aims to characterize the influence of tissue thickness of histology breast samples sectioned at 2 and 3 μm on 
their spectral signatures. Based on the H&E transmittance spectra peaks, HS images were segmented into three structures: 
stroma (eosin-stained), nuclei (haematoxylin-stained), and background (non-stained). Results show that, spatially, in 3 μm 
samples there are more cells imaged than in 2 μm samples. Moreover, spectrally, 3 μm samples proportionate higher 
spectral contrast than 2 μm samples due the greater interaction of light with tissue, denoting them as more suitable for 
microscopic HSI.  

Keywords- Hyperspectral Imaging, Breast Cancer, Histopathological Sample Thickness, Light Tissue Interactions. 

 

1. INTRODUCTION 
Breast cancer, a disease that annually afflicts over two million people, results in the death of more than half a million 
individuals each year [1]. This abnormal degree of mutated cells can be started by mammary cells (primary cancer) or by 
infiltrated cells into the mammary tissue (secondary cancer). Since the 1980s, the increase of early cancer detection 
programs in wealthy countries (e.g., United Kingdom) [1] shows a decrease in mortality, while in economically developing 
countries (e.g., Brazil) such tendency is not noticeable (Figure 1) [1]. These trends and bifurcations illustrate the necessity 
of more affordable early cancer detection programs.  

Medical Hyperspectral Imaging (MHSI) is a field of Hyperspectral (HS) Imaging (HSI) that complements classic imaging 
techniques to obtain more data using the information given by interaction between light and biological samples [2], [3], 
[4]. The images obtained by HSI are called HS cubes. An HS cube is a tree-dimensional (two spatial and one spectral 
dimension) array of values where each one represents the irradiance of a pixel on a certain wavelength. The spectral 
signature is the vector of all the wavelengths of a single spatial pixel. A spectral signature is unique for each substance 
since light is absorbed or scattered differently by each kind of molecule depending on its chemical composition. This 
property allows the identification and classification of different materials [5]. The MHSI applied to cancer has shown 
promising results on the segmentation of normal and skin [6], breast [7], [8], and ovarian [9] cancerous tissue, among 
others.  



Currently, the ground-truth for breast cancer diagnosis and grading is the histological study of biopsy samples extracted 
from the lumps detected in a patient's body. Histological tumour grade is based on the degree of differentiation of the 
morphological features of the tissue [10]. The breast biopsy samples are usually cut in thin slices (between 3 and 5 μm 
[11]) and dyed using Haematoxylin-Eosin (H&E) to highlight those differences and remark nuclei and stroma, which may 
point to abnormal cellular development. Afterwards, they may assess the identification of different biomarkers, (e.g., 
estrogenic receptors, progesterone receptors, HER2+, and Ki67) which may need the study of more samples stained with 
different immunochemistry [10]. In recent years, a new approach consisting in coupling HS cameras to microscopes have 
been researched [12], [13], [14]. This way we could extract specific information just from one slide from the patient biopsy. 

Figure 1. Incidence and Mortality evolution throughout the United Kingdom (UK) and Brazil [15].

When capturing breast biopsy samples under a RGB (Red-Green-Blue) microscope, the H&E dyes are the ones providing 
spatial contrast, since they absorb light in the Visible and Near Infrared (VNIR) range, from 450 to 700 nm (Figure 3c) 
[16]. Classic pathological approach is interested in obtaining sharp images; thus, it must reduce the scattering as much as 
possible. To do that the samples must be thinly sliced while maintaining the main morphological characteristics of the 
tissue studied [17], e.g., neurons are hundreds of thousands of times larger than red blood cells [18], so neurological biopsy 
samples should be sliced into thicker slides. In HS microscopy a different approach should be followed when slicing the 
samples since the main advantage of this technology is the capture of the diffused light obtained from the interaction of 
light with tissue. Following Beer-Lambert law, the thickness of the sample impacts its absorbance [19]. Since light in the 
VNIR range can penetrate the tissue up to 5 mm, samples should be thicker than the standard ones [20].

Previous studies have explored the influence of sample thickness on light penetration. However, these studies either used 
non-human samples [21], had thickness variation on the order of magnitude of the millimetres [22] (significantly higher 
than the traditional histology sample slide thickness and the intended thicknesses of this project), or their results were 
based on Monte Carlo simulations [20]. The main contribution of this work is the study of the influence of the conventional 
sample thicknesses over the captured diffuse light. To study it, breast samples are slices in two thicknesses (2 and 3 μm),
captured with a microscopic HS system, and the spectral signatures of nuclei and stroma are analysed. 

2. MATERIALS AND METHODS
2.1 Samples slides

A breast cancer biopsy from a patient was first fixed with formaldehyde and embedded into a paraffin block. Then two 
consecutively slides were extracted with two different thicknesses: 2 and 3 μm (Figure 2a and b). These slides were dyed 
using H&E and digitized using a Pannoramic 250 Flash III digital scanner (3D Histech Ltd., Budapest, Hungary). The 
digitized images allowed to annotate the areas where normal, Ductal Carcinoma in Situ (DCIS), or Infiltrating Ductal 
Carcinoma (IDC) tissue is present. The first slide has a thickness of 2 μm and contains 192 of those annotated areas, while 
the second slide has a thickness of 3 μm and has a larger number of annotated areas, 248 in total.

2.2 HS microscopic system and dataset

These biopsy sample slides were captured by a microscopic HS system (Figure 2c) [13], [14], [23]. This system is based 
on an OLYMPUS BX-53 microscope equipped with a 100 W T4Y4 Halogen Lamp from Olympus (Olympus, Tokyo, 
Japan) and a ×10 magnification lens (LMPLN-IR). In order to capture HS cubes, the pushbroom HS camera Hyperspec® 
VNIR A-Series (HeadWall Photonics, Fitchburg, MA, USA) is mounted. This camera is able to capture 826 bands within
the spectral range of 400 to 1000 nm, allowing it to obtain a pixel size of 7.4 μm/pixels due to its 1004 spatial sensors. The 
dataset captured for this work is a set of four HS cubes of size 1004×1004×826. Due to the nature of the pushbroom 
camera, 1004 successive spatial lines were necessary to assemble each HS cube. The dataset is composed by two captures 
from the 2 μm slide and another two from the 3 μm slide, each with a field of view of 0.552 mm2 of IDC tissue.
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Figure 2. Materials used in this work: (a) 2 μm and (b) 3 μm biopsy slides, and (c) HS microscopic system.

2.3 Preprocessing chain

The HS cubes captured on transmittance are preprocessed in order to decrease the noise and are further manipulated to 
extract the absorbance and the absorption coefficient of the stroma and nuclei cellular structures. This preprocessing chain
consists of: I) a flat-field correction and band reduction, II) segmentation of the cellular structures, III) filtering of outliers
pixels, and IV) assembly of a synthetic RGB of each HS cube. In the following subsections, each preprocessing stage,
developed using MATLAB R2022a, will be described.

Figure 3. Preprocessing chain applied to each HS cube: (a) input HS cube, (b) calibrated HS cube, (c) absorbance reference 
signatures of haematoxylin, eosin, and background, (d) segmentation map, (e) stroma and nuclei filtered spectra, (f) filtered
segmentation map, (g) red, green, and blue spectral sensitivity, and (h) synthetic RGB generated.

I. Flat-field correction and band reduction

The first step on the preprocessing chain is reducing the number of spectral bands of the captured HS cubes (Figure 3a).
Previous works [24], [25] have shown that from the original 826 bands, only 645 bands are noise-free. From the selected 
bands, the H&E dyes have non-null absorbance values in the 450 to 700 nm range. So, to ensure that the signal use has the 
highest quality possible, the spectral range of this study has been narrowed down from 400 to 1000 nm to 450.685 to 
699.516 nm (343 bands in total). Once the band reduction is performed, the flat-field correction of the remaining data is 
applied. In the microscopic framework used, the digital numbers reported by the camera need to be modify in order to 
correct the influence of the quantum efficiency and the background noise level of the sensors. The objective of the flat-
field correction is to normalize the data into the 0 to 1 range, isolating the sample data from the influence of the camera 
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quantum efficiency, camera noise, and source light spectral non-uniformity [26]. This process consists of using a capture 
of the light used (White), a black level image (Dark) and a raw HS frame (Raw) in order to extract a calibrated HS cube 
(CC) where the transmittance values are stored. 

  (1) 

II. Spectral angle mapper structure segmentation 

For the first step of the proposed methodology, a segmentation between haematoxylin-dyed (nuclei) and eosin-dyed 
(stroma and cytoplasm) tissue is needed [27]. Since cytoplasm represents a low percentage of each cell (10 - 40% in 
volume) [28] and for simplification of the argument, eosin-dyed pixels will be considered stroma. Moreover, the entire 
sample is not dyed, e.g., ducts where there is an absence of tissue or fat which is removed during the histological process, 
which is reflected as white areas on the image. From now on, these areas are considered as background. Thus, three 
different reference spectral signatures (RSi) for each class (Ci) are considered: haematoxylin for nuclei, eosin for stroma, 
and pure light for the background (Figure 3c) [29]. 

The Spectral Angle Mapper (SAM) metric (2) allows to define a segmentation criterion. The SAM algorithm takes as 
inputs a reference spectral signature and a test spectral signature (TS) as q -dimensional vectors and outputs the angle 
between them [30]. A low SAM value indicates similarity between the reference and test spectral signatures. SAM values 
were obtained between the  and the three references (haematoxylin, eosin, and background), each pixel was assigned to 
the class of the minimum achieved SAM (3). The result of this segmentation process is a nuclei and stroma spectra 
databases, that can be represented as segmentation maps where the colour of a pixel indicates its class (Figure 3d). 
Background pixels would not be included in later analysis since they are the absence of tissue. 

  (2) 

  (3) 

III. Outlier filtering 

In order to reduce the variability of the nuclei and stroma spectra databases, the outlier pixels of each class are removed. 
A pixel (P) is considered an outlier if, at any band (b) from the studied spectrum (B), a value deviates more than three 
times the standard deviation (STD) above or below the mean value of the spectrum of each class at that band ( ) (4). The 
outliers pixels were removed from the later analysis. When the preprocessing chain is completed, the resulting spectral 
signatures (Figure 3e) can be used to extract the absorbance and absorption coefficients. 

  (4) 
2.4 Results evaluation 

I. Qualitative evaluation 

A visual comparison between the HS cubes and the filtered segmentation maps (Figure 3f) can be done to evaluate the 
segmentation results qualitatively. Since not all frames from a HS cube can be displayed as an RGB image at the same 
time, a transformation is needed. A synthetic RGB image takes a spectral signature and simulates the sensitivities of the 
human eye cone cells (Figure 3g) to obtain the RGB values of each pixel [31]. With these synthetic RGB images (Figure 
3h), the qualitative evaluation of the segmentation of the cellular classes can be performed. 

II. Spatial difference 

Once a successful segmentation has been confirmed, it is possible to evaluate the differences between the biopsy samples 
with thicknesses of 2 and 3 μm. As the sample thickness increases, the volume of tissue per sample is expected to increase 
too, and so, the number of cells per slide. This spatial difference between the several thicknesses can be obtained by 
calculating the nuclei to stroma pixel ratio (5) . 

  (5) 

 



III. Spectral difference

Until now, the values captured, preprocessed, and stored on the CC were transmittance values. Transmittance (T) represents 
the ratio of light that has been able to get through a sample (I) in relation to the light emitted (I0). However, its main issue 
is its non-linearity with the optical pathlength (Z) (6). Beer-Lambert law [19] states that the absorbance (A) is linearly 
directly related to the molar absorptivity ( ), the concentration of the sample (c) and the optical pathlength (7). Moreover, 
further analysis includes the comparison of the absorption coefficient ( ) of the different structures. The absorption 
coefficient is a measure of the capacity of a medium to limit the light that can pass through, per unit of optical pathlength 
[32], [33] (8). These resulting absorbance and absorption coefficient values allow to determine their contrast using equation 
(9) [34], where X is the mean absorbance or absorption coefficient values of a certain class and sample thickness.

(6)

(7)
(8)

(9)

3. RESULTS
This section will present the results obtained following the previously exposed methodology. First, the results of the nuclei 
and stroma segmentation and its qualitative evaluation are shown. Then, the spatial and spectral differences between the 
captures of the 2 and 3 μm slides are presented.

3.1 Nuclei and stroma segmentation

First, using the dataset captured, the segmentation of nuclei, stroma, and background can be performed using the SAM 
metric (2) and the proposed segmentation criterion (3). In Figure 4, the synthetic RGBs, segmentation maps, and the mean 
and STD of spectral signatures of the nuclei and stroma pixels per capture are shown.

2 μm 3 μm

Synthetic 
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Segmentation 
Map

Spectral
Signatures
Database

Figure 4. Synthetic RGB, Segmentation maps, and mean and STD of the spectral database of each HS cube.
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3.2 Qualitative evaluation

Applying the previous segmentation maps to the synthetic RGB images, it is possible to generate a set of RGB masks 
where only pixels classified as nuclei or stroma are visible. Figure 5 shows that the stroma pixels are lighter than the nuclei 
ones, which correspond to the eosin and haematoxylin dyes, respectively (Figure 3d). This qualitative evaluation supports 
using H&E spectra as reference signatures to divide the HS cubes into their cellular structures.

2 μm 3 μm

Stroma 
Pixels

Nuclei 
Pixels

(a) (b)
Figure 5. Stroma and Nuclei pixels on (a) 2 and (b) 3 μm HS captures.

3.3 Spatial difference

After successfully separating the stroma pixels from the nuclei pixels on each of the four images captured, we can compute 
the ratio of nuclei to stroma pixels. By applying equation (5) and adding up the pixel count for each class, the results shown
in Figure 6 are obtained. The bar plots in Figure 6 reveal that the 2 μm captures contain fewer nuclei pixels compared to 
stroma pixels, with a ratio of 46.41 nuclei pixels for every 100 stroma pixels. However, the 3 μm captures exhibit a higher 
proportion of nuclei pixels relative to stroma pixels, with a ratio of 164.29 nuclei pixels for every 100 stroma pixels.

2 μm 3 μm

Pixel Count per 
Cluster

Nuclei to Stroma 
Pixel Ratio 46.41% 164.29%

(a) (b)
Figure 6 Count of Nuclei and Stroma pixels and ratio on (a) 2 and (b) 3 μm slides.

3.4 Spectral difference

Once the pixels corresponding to each cellular structure are identified, the absorbance and absorption coefficient of the 
different structures can be obtained using equation (7) and (8), respectively. A comparison between the absorbance and 
absorption coefficients of the different cellular structures and thicknesses is shown in Figure 7a and b, respectively. A 
quantitative evaluation of the contrast of each of these results is shown in Table 1 using equation (9). While the absorbance 
values of the 3 μm captures show a higher contrast, this effect is less appreciable on the absorption coefficient contrast 
values. The wider range of values of the 3 μm absorbance indicates its higher contrast between classes, making it more 
suitable for differentiating tissues in MHSI applications.



(a) (b)
Figure 7. Mean and STD of (a) the absorbance and (b) the absorption coefficient of (top) stroma and (bottom) nuclei pixels in 
2 and 3 μm slides.

Table 1 Contrast on the Absorbance and Absorption Coefficient mean values.

Cellular Structure Thickness Absorbance
Contrast

Absorption Coefficient
Contrast

Stroma 2 μm 0.1113 0.1281
3 μm 0.1411 0.1083

Nuclei 2 μm 0.1523 0.1753
3 μm 0.2064 0.1584

4. CONCLUSIONS
The recent decades have shown that early cancer detection programs are key to increase the survival rate. In this concern, 
the use of MHSI techniques in combination with microscopic systems are highly promising tools to approach 
histopathological diagnosis. In traditional histopathology, samples are prepared to optimize the RGB image quality based 
primarily on the morphological properties of the biological sample (samples are thin to enhance the clearness of the cellular 
structures in the visible spectrum). However, in MHSI these characteristics are key factors to obtain distinguished spectral 
signatures between pathological and normal tissue. As tissue thickness has been understudied for its effective selection in 
microscopic HS applications, this work aims to characterize its influence on histopathologic samples for microscopic HSI. 
A breast cancer biopsy sample was cut into 2 and 3 μm slides, dyed using H&E, and imaged to obtain four HS cubes. The 
nuclei and stroma pixels of each capture were segmented using the SAM metric and processed to obtain a transmittance
spectra database of each cellular structure. These segmented pixels, in combination with the synthetic RGB image of each 
HS cube, allowed to qualitatively ensure that the pixels had been correctly categorized.

Spatially, the pixel count on each spectral database indicates how the stroma and nuclei are represented depending on the 
slide thickness. Results showed that the number of nuclei pixels in relation with the number of stroma pixels imaged in the 
3 μm HS cubes is three times higher than in the 2 μm HS cubes, meaning that there is a higher number of cells being 
imaged. Spectrally, the segmented pixels allowed to obtain the absorbance values and absorption coefficients of the stroma 
and nuclei cellular structures. The higher contrast of the 3 μm absorbance, in comparison with the 2 μm ones, show that 3 
μm samples absorb more light than 2 μm samples. This increase in the overall absorbed light with the tissue sample 
thickness aligns with the biphotonic literature that states that as the light pathlength increases, the probability of a photon 
to be absorbed is higher [33], [35]. Moreover, subtracting the influence of the tissue thickness the absorption coefficient 
shows that it is independent of the sample. In conclusion, the use of 3 μm biopsy sample slides is recommended over the 
2 μm ones, as they show higher cell count and higher spectral contrast in the studied spectrum.
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However, the main limitation of this work is the low variability on and the reduced number of the slides that have been 
studied, as they came from the same biopsy sample, the same type of tissue, and they were stained using the same dyes. In 
conclusion, these preliminary results open the discussion about the possibility of transforming the classic pathological 
workflow of fixing, cutting, and dyeing a biological sample, to be accommodated to use HS techniques in microscopy. 
Further research of other thickness is needed to stablish the optimal one for analysing histology HS images. 
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Abstract: Recent advancements in multispectral (MS) and hyperspectral (HS) microscopy

have focused on sensor and system improvements, yet sample processing remains overlooked.

We conducted an analysis of the literature, revealing that 40% of studies do not report sample

thickness. Among those that did report it, the vast majority, 98%, used 2–10 μm samples. This

study investigates the impact of unstained sample thickness on MS/HS image quality through

light transport simulations. Monte Carlo simulations were conducted on various tissue types

(i.e., breast, colorectal, liver, and lung) using optical property parameters extracted from the

literature. The simulations revealed that thin samples reduce tissue differentiation, while higher

thicknesses (approximately 500 μm) improve discrimination, though at the cost of reduced light

intensity. Although the results are based on idealized conditions and exclude certain real-world

factors such as sample variability and instrument-specific effects, they highlight the need to study

and optimize sample thickness for enhanced tissue characterization and diagnostic accuracy in

MS/HS microscopy.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Multispectral (MS) and hyperspectral (HS) imaging (MSI/HSI) are gaining increasing interest in

medical applications due to the enhanced information they provide. These techniques capture

diffuse spectra that arise from the interaction of light with tissues, which is unique since it depends

on the inherent optical properties of the tissue itself. The difference in absorption (μa) and

scattering (μs) coefficients of each tissue attenuates light differently across various wavelengths,

providing distinct spectral signatures [1]. Specifically, MSI/HSI in microscopic histological

analysis allows spatial and spectral examination of biological specimens in detail [2]. Some

applications include the diagnosis of diabetic condition via retinal imaging [3], Alzheimer’s

disease biomarker identification in plasma samples [4], the detection of head and neck squamous

cell carcinoma on histologic slides [5], or the classification of cholangiocarcinoma from pathology

images [6].

MS/HS microscopy is typically performed by attaching a MS or HS camera to a bright-field

microscope [7–9], enabling the capture of spectral features from tissues at a fine scale, such as

mammalian cells (5 to 25 μm) or red blood cells (6 to 8 μm) [10]. While much of the development

of these systems has focused on improving sensors and imaging technology [11–14], sample

preparation has mostly followed the traditional methods used in histology analysis. Biopsies are

either embedded in paraffin or frozen before being sliced into thin sections using a microtome or

cryostat, respectively. These sections are typically cut to a thickness of 2 to 10 μm, matching

#563094 https://doi.org/10.1364/BOE.563094
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the scale of individual cells and allowing for the spatial differentiation of structures within the

sample [10].

However, in MS/HS microscopy, special attention must be given to sample preparation, as

MS/HS technology relies on the interaction of light with the sample, and light behaves differently

at small tissue thicknesses compared to bulk tissue. According to diffusion theory, which

approximates light propagation in highly scattering media such as tissue, the mean free path,

defined as ls = 1/ (μa + μs), represents the average distance a photon travels through tissue

before its direction (scattering) or energy (absorption) is significantly altered [15]. In bulk tissue,

the average distance travelled by photons before being absorbed or detected is higher or much

higher than the mean free path (diffuse regime). However, in microscopy, if the thickness of

a tissue slice is so short that does not exceed one mean free path, the detected photons will

have nearly the same direction and energy as the emitted ones (sub-diffuse regime). In tissues,

the mean free path typically ranges from 10 to 1000 μm, with around 100 μm being common

in the visible spectrum [16]. As a result, when tissue is sliced to a thickness of 2–10 μm for

conventional microscopy analysis, if captured without further processing (i.e., unstained), the

detected light would be almost identical to the emitted light, resulting in low contrast and making

the sample appear almost transparent to the human eye.

Thus, in bright-field microscopy, contrast enhancement of biological samples is performed

using dyes (exogenous chromophores), such as hematoxylin and eosin (H&E) staining [17].

Staining techniques are designed to ensure that each structure of the sample absorbs different

dyes, such as hematoxylin for the cell nuclei and eosin for the extracellular matrix and cytoplasm.

Since each dye absorbs light at distinct wavelengths, contrast is created on the sample [18]. These

samples are then examined either visually or by capturing RGB (Red, Green and Blue) images.

Nonetheless, staining alters the intrinsic optical properties of tissues, confining spectral contrast

to the specific dyes used, which are identical across all samples. As a result, MSI/HSI techniques

cannot benefit from the spectral contrast provided by the endogenous chromophores inherent to

each tissue type and human being.

Therefore, according to light propagation in tissue, to fully utilize MS/HS microscopy in

the broadest context the focus should be on capturing these endogenous chromophores of

tissues, which provide richer spectral data not only in the visible spectrum (VIS) but also in the

near-infrared range (NIR). While a conventional tissue thickness of around 5 μm may serve this

purpose, it may not always be optimal. Increasing thickness provides more detailed spectral

signatures, until a certain point where light penetration is reduced, resulting in lower light

intensity. To fully leverage the capabilities of MS/HS microscopy it is crucial to pay special

attention to sample thickness, balancing the ability to differentiate cells on a sample (2-10 μm)

with the challenge of capturing meaningful spectra from the sample itself (∼100 μm). Selecting

an optimal thickness ensures enough scattering and absorption events to enhance contrast while

preserving the visualization of tissue structures.

This study aims to evaluate the impact of sample thickness in MS/HS microscopy spectral

data and to establish a benchmark for optimizing tissue thickness in future studies. We begin

with a comprehensive review and analysis of the literature to identify the sample thicknesses

previously used in MS/HS microscopy studies. Next, a virtual specimen will be designed using a

Monte Carlo (MC) Light Transport Simulator [19,20] to further investigate the effects of different

sample thicknesses over the diffuse spectra obtained. Spectral signatures of normal and lesioned

tissues (breast, colorectal, liver, and lung) at different sample thicknesses will be simulated using

optical property parameters obtained from published studies. No new experimental hyperspectral

data will be collected in this work. Finally, spectral contrast will be assessed by evaluating the

accuracy of each thickness in distinguishing between normal and lesioned tissue. Thus, although

the results represent an idealized theoretical investigation, since they do not account for sample

heterogeneity, preparation artifacts, or instrument-specific effects beyond those simulated, this
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work still provides practical insights and guidelines for improving spectral imaging protocols in

future studies.

2. State of the art

In the field of medical imaging, the integration of MS/HS microscopy has emerged as a powerful

technique for real-time non-ionizing diagnostics. Ortega et al., conducted a systematic review

on MS/HS microscopy [2] using the following query: (Hyperspectral OR Multispectral) AND

(histology OR pathology OR histopathology). From 2004-2019, 1776 documents were retrieved,

and a rigorous selection process chose 192 documents that met the eligibility criteria established

by the authors. Of those, 85 were based on the application of MS/HS microscopy technology

for diagnosing various diseases. Building upon this foundation, we undertook an update to the

review, extending the search period from August 13th, 2019, to December 12th, 2023. This

yielded 759 additional documents, among which 100 met the eligibility criteria established by

Ortega et al. (humans or mammals samples captured using MSI, HSI, or near-infrared (NIR)

sensors coupled to an optical microscope) [2]. These works were meticulously scrutinized to

identify and document the specific tissue thickness employed in the different MS/HS microscopy

applications.

Tissue thickness was not reported as a parameter in 40% of the eligible studies, highlighting

the limited attention given to this crucial aspect in existing literature. For the studies that did

include this information (60 documents), the distribution of reported values is shown in Fig. 1.

Notably, 5 μm is the most frequently documented tissue thickness, accounting for 28% of the

studies specifying this parameter, since it is the thickness used for routine paraffin sections

[21]. Similarly, another 28% reported a thickness of 10 μm, which corresponds to the maximum

cutting capacity of most microtomes. Of these, 4 articles belong to the same research group,

investigating normal and diabetic retina of rats [22–24]. They selected 10 μm-thick serial sections

that passed through the optic nerve head and dyed them with hematoxylin and eosin (H&E) for

HS microscopic examination. Chipala et al. [25] demonstrated that optical density (inversely

proportional to transmittance) in H&E stained slides increases with tissue thickness (e.g., rising

from 0.2 to 0.5 as thickness ranges from 2 to 10 μm), revealing the impact of thickness on optical

properties. A notable exception is the study by Pertzborn et al. [26], which utilized 12 μm-thick

frozen sections. These are slightly thicker than standard due to cryotome limitations. HSI

data from these sections was used to train a 3D convolutional neural network for detecting oral

squamous cell carcinoma. In summary, this analysis of the state of the art on MS/HS microscopy

highlights the need for further research into how tissue thickness impacts light transmission and

spectral contrast for MS/HS microscopy applications, emphasizing its importance for accurate

imaging and analysis.
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Fig. 1. Tissue thickness distribution in MS and HS microscopy studies from the state-of-

the-art, with 5 μm and 10 μm being the most represented thicknesses at 28% each.

3. Materials and methods

In this section, the MC simulation framework is discussed to examine tissue-light interactions at

different thicknesses in both normal and lesioned tissues (specifically breast, lung, colorectal,

and liver). To achieve this, a comprehensive analysis of the instrumentation and optics of the

HS microscopy system is conducted, along with an investigation of the optical properties of the

tissues (absorption, scattering, scattering phase function, and refractive index). Additionally,

spectral similarity metrics will be introduced to assess the similarity of the spectral signatures

simulated for normal and lesioned tissues at a certain thickness. This approach will help to

identify the thickness that most effectively distinguishes normal and lesioned tissue.

3.1. Microscopic HS system

The objective of this study is to investigate the influence of sample thickness on spectral signatures.

Since there is no standard MS/HS microscope, we will focus on an HS microscope based on a

widely used configuration [13,11]. A HS sensor (i.e., the Hyperspec VNIR -Visual and Near

Infrared- A-Series HS camera -HeadWall Photonics, MA, USA-) integrated with a conventional

bright-field microscope (i.e., the Olympus BX-53 -Olympus, Tokyo, Japan-) has been used.

The system transmits light through a collimator to achieve uniform radiance of the sample,

commonly referred to as Köhler illumination. Moreover, the light goes through one of the four

objective lenses (10×, Numerical Aperture= 0.3 and Working Distance= 18 mm, HS sensor pixel

pitch= 7.4 μm and thus spatial resolution= 0.74 μm) optimized for infrared (IR) observations.

Figure 2 depicts a schematic of the tissue placement and the light propagation path through the

tissue.

To eliminate the impact of the acquisition system on the HS images, a flat-field correction

process is commonly applied to the raw data using both white and dark reference images [8]. In

transmittance mode, a region of the transparent glass slide without specimen is used to capture the

white reference spectrum (White Ref ), while the dark reference spectrum (Dark Ref ) is acquired

by turning off the light source. The transmittance pixel (Transmittance Pixel) is then calculated

using Eq. (1), with the raw pixel (Raw Pixel) as the initial data captured by the sensor. Through

proper calibration, the transmission effects of the glass slide are compensated for. Consequently,

in these simulations, the glass is not considered. Furthermore, the dark reference spectrum is not
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Fig. 2. Schematic of microscopic HS system capturing a histology slide in transmittance

mode (left) and light-tissue interactions within the tissue being analyzed (right).

simulated, as sensor noise is not being simulated.

Transmittance Pixel =
Raw Pixel − Dark Ref
White Ref − Dark Ref

(1)

3.2. Tissue optical properties

The next step in designing the MC framework is to define the optical properties of the tissues

(more information in the Supplement 1):

• The absorption coefficient (μa) was computed, following Jaques [27], as a weighted sum

of the main chromophores (oxygenated hemoglobin (μa.oxy), deoxygenated hemoglobin

(μa.deoxy), water (μa.water), and fat (μa.fat)) according to Eq. (2):

μa = BSμa.oxy + B(1 − S)μa.deoxy +Wμa.water + Fμa.fat (2)

Here, B is the blood volume fraction, S is the hemoglobin oxygen saturation, W is the

water content, and F is the fat content. Minor absorbers such as melanin, bilirubin and

β-carotene were excluded due to their minimal concentration in the tissues under study

[27].

• The reduced scattering coefficient (μ′s) was modeled as a combination of Rayleigh and

Mie scattering effects, with wavelength dependence relative to a reference wavelength

λRef = 500 nm. The formulation is given in Eq. (3):

μ′s = a

(

fRay

(
λ

λRef

)−4

+ (1 − fRay)

(
λ

λRef

)−bMie
)

(3)

where a is a scaling factor, v is the Rayleigh contribution weight, and bMie is the Mie

scattering exponent.

• The scattering phase function describes the angular distribution of scattered photons.

While the standard Henyey-Greenstein (HG) function, defined in Eq. (4), is commonly
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used:

pHG(g, θ) =
1

4π

1 − g2

(1 + g2 + 2g cos θ)
3/2

(4)

we employed the more accurate Two-Term HG model, Eq. (5), to better capture forward

and backward scattering in thin tissue samples:

p(α, gf , gb, θ) = α · pHG(gf , θ) + (1 − α)

·pHG(gb, θ)
(5)

Here, α is the weight of forward scattering, and pHG(gf , θ) and pHG(gb, θ) are the anisotropy

parameters for forward and backward scattering, respectively.

• The refractive index (n) was fixed at 1.35, consistent with values reported for similar

biological tissues, and defined in (6) and (7):

n =
c
v

(6)

n =
sin θi
sin θr

(7)

where c is the speed of light in vacuum, v in the medium, and sin θi and sin θr are the

angles of incidence and refraction, respectively.

3.2.1. Optical properties of tissue under evaluation

A comprehensive review of the state-of-the-art literature pertaining to the eight tissues under

investigation (breast, lung, colorectal, and liver, in both pathologies, lesioned and healthy)

was conducted to extract their optical properties. No additional experimental hyperspectral

data were acquired for this study. Absorption and scattering parameters for different tissues

were extracted from several literature sources. According to Eq. (2), the key parameters for

calculating absorption are the percentages of blood (B), fat (F), and water (W), as well as blood

oxygen saturation (S). For scattering calculations, the required parameters include the reference

wavelength (λRef), Rayleigh scattering fraction (f_Ray), and Mie scattering parameters (b Mie

and α). For breast tissue, data from L. L. de Boer et al. [28] were used. Fat content was estimated

as 90% of the tissue volume excluding blood, with the remaining 10% assigned to water. Lung

tissue parameters were obtained from J. W. Spliethoff et al. [29], who directly provided blood

and water percentages; fat content was then calculated as the residual fraction. All values for

colorectal tissue were sourced from M. S. Nogueira et al. [30]. For liver tissue, parameters came

from N. Reistad et al. [31], reporting fat as 10.1% of the total volume excluding blood, with

water making up the remaining 89.9%. Scattering phase function parameters (forward scattering

(gf), backward scattering (gb), and anisotropy (α)) were also taken from multiple studies: N.

Ghosh et al. [32] for breast, R. Marchesini et al. [33] for lung, A. N. Bashkatov et al. [34] for

colorectal, and both P. Saccomandi et al. and R. Marchesini et al. [35,33] for liver.

Mean values of absorption, scattering, and phase function optical properties are presented in

Table 1, with their standard deviations available in Table S1 of the Supplement 1. Fig. 3 illustrates

these mean values along with their corresponding standard deviations for the tissues under

evaluation. It is important to note that, similar to regular tissue, simulated tissue on microscopy

slides includes both fat and water, but these values might be different after histopathologic

processing or frozen sectioning, where some water is lost. While these values are crucial in

real-life scenarios for thin tissue slicing, they are included here to simulate pure, freshly tissue

excised, and not processed tissue.
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Fig. 3. Optical properties of tissues (breast, lung, colorectal, and liver) in both normal and

lesioned states: (a) absorption coefficient, (b) scattering coefficient, and (c) scattering phase

function.

Table 1. Optical Properties parameters for normal and lesioned samples of breast, lung colorectal,
and liver tissuesa

Absorption Scattering
R

Scattering

Phase

Function
R

B

(%) S (%) F (%)

W

(%)

λRef

(nm) b Mie f_Ray a gf gb α

Breast
N 1,75 16* 88,43 9,83 800 0,69* 5 14

[28]
0,87 -0,09 0,82

[32]
L 3,5 41* 86,85 9,65 800 0,69* 15 25 0,92 -0,06 0,84

Lung
N 7,5 90 35,5 57 800 0,98* 0* 38

[29]
0,84 -0,5 0,92

[33]
L 2,5 69 3,5 94 800 0,98* 0* 21 0,84 -0,5 0,92

Colorectal
N 5 64 7,7 78,5 500 0,2 56 14,3

[30]
0,89 0 1

[34]
L 6,6 66 1,4 84,9 500 0,5 40 15,9 0,89 0 1

Liver
N 8,5 50 9,24 82,26 800 0,35 29 13,7

[31]
0,88 -0,46 0,93

[35,33]
L 7,2 50 9,37 83,43 800 0,05 10,7 18,2 0,88 -0,46 0,93

aN: Normal tissue, L: Lesioned tissue, B: Blood, S: Saturation, F: Fat, W: Water, R: Reference. *Extracted from [27].

3.3. MC simulation framework

To investigate light–tissue interactions under controlled and reproducible conditions, a custom

MC simulation framework was developed. This framework was developed to simulate the HS

imaging system described in Section 3.1, producing synthetic radiance data based on well-defined

tissue conditions. This approach enables systematic analysis of how key parameters, such as

tissue thickness, affect the resulting spectral signatures. An overview of the complete simulation

pipeline is presented in Fig. 4.

3.3.1. Simulated volume

The MC simulation was set up to emulate a homogeneous single-layer sample with a spatial

extent of 100× 800 μm. To evaluate the influence of tissue thickness on the spectral response,

he height of the simulated volume was varied across several depths: 5, 20, 50, 100, 200, 500,

1000, and 2000 μm. These values were selected to span from typical histological sections (5

μm) to depths where light transmittance becomes negligible due to increased tissue attenuation

(2000 μm). However, simulating thick samples at high spatial resolution can be computationally

intensive. To manage this, the voxel size and the number of voxels were adjusted according to the

tested thickness:

• For 5 and 20 μm thicknesses, a voxel size of 1 μm was used, yielding volumes of [5,

20]× 100× 800 voxels (depth, lines, pixels).
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Fig. 4. Framework followed to perform the different MC simulations obtaining the spectral

signatures of various organ tissues, at two tissue types at several tissue thicknesses.

• For 50, 100, and 200 μm thicknesses, a voxel size of 10 μm was used, resulting in volumes

of [5, 10, 20]× 10× 80 voxels.

• For thicker samples (500, 1000, and 2000 μm), a voxel size of 100 μm was used, leading to

volumes of [5, 10, 20]× 1× 8 voxels.

This adaptive resolution strategy ensured that the number of simulated voxels remained within

a manageable range, while still allowing for meaningful comparisons across different thicknesses.

3.3.2. Simulated tissue

For each tissue type (breast, lung, colorectal, and liver) and its corresponding pathological states

(normal, lesioned), the mean and standard deviation of the optical properties were collected from

the literature (see Table 1 from Supplement 1). To introduce variation within each tissue type,

and assuming a normal distribution, ten random values were selected for each tissue–pathology

combination. In total, 80 biological tissues were simulated (10 per tissue–pathology combination).

3.3.3. Simulated spectra

Replicating the HS microscopy setup described in Section 3.1, each MC simulation covered the

400–1000 nm spectral range. A total of 105 spectral bands were simulated, corresponding to

a distance between bands of 5.7 nm. While different number of bands with different spectral

resolutions could have been selected to better represent a specific MS or HS application, 105

bands were chosen to provide a balanced and representative sampling of the spectral range

defined.

3.3.4. Flat-field correction

Flat-field correction is a critical preprocessing step in HS imaging, used to compensate for

non-uniformities in illumination, sensor response, and optical path variations [36,37]. To simulate
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the flat-field reference (I0), the MC simulation was run without any tissue in the optical path,

emulating the acquisition of an empty region on a microscope slide. Although photons were

propagated through air (assumed to have negligible absorption and scattering) not all were

expected to reach the detector. Instead, the simulation estimated the number of photons passing

through the sensor slit at the detector’s working distance (18 mm).

Next, the optical properties were replaced with those of biological tissue (e.g., breast tissue),

and the corresponding radiance spectra (I) were generated across the wavelength range. Flat-field

correction was then applied according to Eq. (8) by dividing, at each wavelength, the number of

photons transmitted through the tissue by the ones detected in the absence of a sample. This

process yielded normalized tissue transmittance values.

It is important to note that, since all simulations were conducted on spatially homogeneous

volumes and no spatial variation was modeled, spatio-spectral calibration (typically required in

real-world HS imaging systems) was not necessary in this study.

T =
I
I0

(8)

3.3.5. Software and hardware specifications

A total of 67,200 simulations were performed (8 tissue thickness× 80 biological tissues× 105

spectral bands), with each iteration simulating 108 photons. Due to the high computational

demand, MC simulations were executed using Monte Carlo eXtreme (MCX) version 2023.11,

developed by Qianqian Fang [38–40], which supports GPU acceleration. Simulations were run

through MATLAB R2023a on a workstation equipped with an Intel Xeon Silver 4216 (16-core)

CPU, 128 GB of RAM, and three NVIDIA Tesla T4 (TU104GL) GPUs.

3.4. Data augmentation

To establish a realistic database, in alignment with real-world samples (e.g. including the sensor

signal-to-noise ratio, wavelength miscalibration, improper light source thermal management, or

intensity fluctuation due to changes in the light source), data augmentation was performed over

the simulated spectral signature database. The procedure outlined in [41] was followed, where

each stage of the process builds upon the previous one.

First, two wavelength miscalibration processes were simulated. The spectra’s wavelength

range experienced reduction or extension by a random value ranging from -1 to 1 nm, with the

spacing between bands adjusted in concordance. For instance, if the original vector spanned from

400 to 1000 nm with 100 bands and now is extended from 400 to 1001 nm, the spacing between

bands is augmented from 6 to 6.01 nm. The second wavelength miscalibration technique was to

shift the wavelength vector within the range± 4.8 nm. This would represent measurements taken

on different days, which assessed the shift in light spectra. Finally, the spectra were interpolated

to the original wavelength vector to have all the data in the same wavelength vector.

Following these adjustments, two spectra intensity errors were introduced simulating fluctu-

ations in light source intensity [41]. The first error involved wavelength-dependent intensity

fluctuations, where the spectrum’s intensity was randomly tilted following a linear shape, by up

to 5% of the spectral signature mean. For instance, a spectral signature with a mean 0.8 would

potentially be scaling the left tail up to 0.84 and the right tail down to 0.76. The second intensity

error involves a constant intensity shift of up to 5% of the spectra mean.

In the final step, noise was introduced to the spectra to replicate the sensor’s intrinsic noise floor.

First, the dataset was expanded by interpolating five additional points between each simulated

band pair, increasing the spectral resolution from 105 to 521 bands. This expansion provided a

larger number of data points on which the noise could be applied. Additive white Gaussian noise

was then applied to simulate a signal-to-noise ratio (SNR) of 35 dB, simulating the noise of a real

HS microscopy system. Figure 5 visually represents the original spectral signature, which refers
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to the one obtained using the MC simulation framework, and each stage of the data augmentation

process.

Fig. 5. Data augmentation applying different strategies to the original spectral signature

database. The original transmittance spectrum is altered through wavelength (wvls) compres-

sion, wavelength shift, intensity shift, wavelength intensity shift, and finally white Gaussian

noise is added.

3.5. Spectral evaluation metrics

Several spectral evaluation metrics were employed to assess the differences between the two

spectral signatures. Let t be the test spectra, r the reference spectra and N be the number of

bands, the following metrics are as follow:

3.5.1. Euclidean distance

The Euclidian distance (d) quantifies the distance between two vectors in an N-dimensional space.

It is determined by Eq. (9), which computes the quadratic mean of variances between test and

reference values. The Euclidean distance is bounded between 0 and 1 (for t and r in the [0, 1]

range), with a value close to zero indicating a high similarity between the spectral signatures.

d =

√√√ N∑

i=1

(ti − ri)
2 (9)

3.5.2. Spectral angle mapper

The Spectral Angle Mapper (SAM) assesses spectral similarity by computing the angle between

spectra, treated as vectors in an N-dimensional space [42]. It is calculated using (10). This metric

represents angles, so it ranges from 0 to π/2, when both, t and r are non-negative. A smaller
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SAM value indicates greater spectral similarity.

SAM = arccos


�
�

�

∑N
i=1 tiri

√
∑N

i=1 t2i
√
∑N

i=1 r2
i

�
�
�

�

(10)

3.5.3. Normalized spectral similarity score

The Normalized Spectral Similarity Score (NS3) is a method for evaluating spectral similarity

by considering both Euclidean and SAM distances between spectra. It offers a novel approach

to spectral comparison by addressing potential misidentifications arising from ambiguous high-

confidence scores in spectral amplitude and angle. Following (11), NS3 normalizes spectral

amplitudes and applies a custom function to match the spectral angle and amplitude difference

scores, enhancing accuracy. Taking into account the ranges of d and SAM, this metric ranges

from 0 to
√

2, where a low NS3 score indicates a strong correspondence between the test and

reference signatures.

NS3 =

√

d2 + (1 − cos(SAM))2 (11)

3.5.4. SID

Spectral Information Divergence (SID) is an information-theoretic spectral measure introduced

to assess the dissimilarity between the spectral signatures of two pixels in HS images [43]. It is

developed based on the concept of divergence, specifically measured in the probabilistic behavior

between the spectral characteristics of the compared pixels (12). SID values lie in the range

[0, ∞), where a smaller SID indicates low divergence between the spectral signatures of the

compared pixels.

SID =
N∑

i=1

tilog
(

ti
ri

)

+

N∑

i=1

rilog
(
ri

ti

)

(12)

3.5.5. SID-SAM

The SID-SAM mixed measure, calculated according to Eq. (13), leverages the strengths of both

SID and SAM in spectral discriminability [44]. This implies that the spectral similarity and

dissimilarity achieved through the mixed measure are significantly improved by multiplying the

spectral capabilities of both measures. The choice of tangent or sine over cosine is made to

compute the perpendicular distance between two vectors, rather than calculating the projection

of one vector along the other. A SID-SAM score close to 0 signifies a robust match between the

test signature and the reference signature and tends to infinity when the maximum dissimilarity

is reached.

SID(TAN) = SID × tan(SAM) (13)

3.6. Quantitative thickness evaluation

The previously presented evaluation metrics were calculated to measure the difference between

inter-class (normal (N) vs lesion (L)) and intra-class (N vs N and L vs L) spectra. Figure 6(a) shows

the Euclidean distance of inter-class (orange histograms) and intra-class (blue histograms) liver

spectra. To obtain a metric that yields consistent results within the same class while emphasizing

differences for spectra from different classes, the disparity between the inter-class and intra-class

histograms for a given thickness serves as a qualitative indicator of the discrimination capability

associated with that thickness.

However, a quantitative metric is needed to measure this discrimination. At each thickness,

a threshold (th) can be defined to categorize the inter and intra-class distances as belonging to

inter or intra-class evaluations. The accuracy metric can then be calculated over the true positive,
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Fig. 6. (a) Euclidean distance scores between intra-class (blue) and inter-class (orange)

spectra at different tissue thicknesses for liver tissue. Zoom over the histograms at (b) 20 μm

and (c) 200 μm, red line showing threshold with maximum accuracy for each case.

true negative, false positive, and false negative values. Under a specified th, the accuracy of the

classification is determined by (14), where each bini represents the individual values within a

histogram. Since spectra within a class are more similar to each other (intra-class distances)

than to the spectra of the other class (inter-class distances), intra-class distances should be lower

than the inter-class ones. Therefore, the distributions are ordered such that values below the th
are classified as intra-class, while values above it are classified as inter-class, providing most

of the time accuracy values between 0.5 and 1. In scenarios where histograms overlap, the

selection of any th would yield a substantial number of misclassifications, indicating a constrained

discriminative capacity in these thicknesses (e.g., for Fig. 6(b) the threshold providing maximum

accuracy (0.54) was found at an Euclidean distance of 0.05). Conversely, in thicker samples,

where histograms manifest greater separation, establishing a th becomes more straightforward

(e.g., for Fig. 6(c) the threshold providing maximum accuracy (0.83) was found at an Euclidean

distance of 0.07).

The accuracy was calculated across all possible ths for a single set of histograms, covering

the lowest to the highest obtained metric scores, with an increment of one bin at a time. The

highest accuracy value obtained across all thresholds was chosen to be the discriminative power

of that thickness. Subsequently, the methodology was repeated for all combinations of tissue

type (breast, colorectal, liver, and lung), metric (Euclidean distance, NS3, SAM, SID, SIDSAM),

and thickness (5, 20, 50, 100, 200, 500, 1000, and 2000 μm). This process allowed us to identify,

at each tissue and metric, the thickness that yielded the best accuracy between lesion and normal
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tissue.

ACC = P(intra − class)
th∑

i=1

P(bini|intra − class)+

P(inter − class)
end∑

i=th
P(bini|inter − class)

(14)

4. Results

In this section, the results obtained following the previous methodology are presented. The MC

simulated dataset after data augmentation is shown in Fig. 7 for four of the studied thicknesses

(all thicknesses shown in Fig. S1 in the Supplement 1), where green and red spectra correspond

to normal and lesioned tissue, respectively.
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Fig. 7. Spectral signatures for normal (green) and lesion (red) tissues for each type of tissue

and four slide thickness

As anticipated, tissue samples with a thickness of 5 μm exhibit flat transmittance spectra, with

values approaching 1. This suggests that there are no distinct peaks associated with the absorption

or scattering of endogenous chromophores within the tissue. These results confirm that samples

thinner than the diffusion length (6 to 12 mm [45]) do not experience significant scattering or

absorption. At this thickness, there is no notable difference in the spectral signatures of normal

and lesioned tissues. However, as the sample thickness increases, the distinction between normal

and lesioned tissue becomes more apparent. By 50 μm, differences in spectral signatures between

tissue types start to emerge, indicating that conventional sample thicknesses of 2 to 10 μm may

not provide sufficient contrast for pathology discrimination with HS microscopy. At 500 μm, the

contrast between tissue types is most pronounced, although the mean transmittance drops below

0.5, a value that could be even lower in practical applications due to instrumental attenuation.

Beyond this thickness, light penetration diminishes significantly, reducing the signal that reaches

the sensor. The maximum simulated thickness of 2000 μm is well beyond the cutting capacity of

standard microtomes, which are typically limited to around 60-70 μm. At these thick samples

(>2000 μm), the spectral signatures appear nearly flat due to minimal light transmission through

the sample, resulting in transmittance values approaching zero across all tissues and pathologies.

This results in a lack of spectral resolution at this thickness.
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After simulating the entire dataset, the evaluation of the data was performed using the

metrics described in the 3.5 Spectral Evaluation Metrics section. Inter- and intra-class distances

were calculated using Euclidean distance, SAM, NS3, SID, and SID-SAM (see Fig. S2

from Supplement 1). Subsequently, in accordance with the methodology described in the 3.6

Quantitative Thickness Evaluation, the aim was to assess the discrimination power of each tissue

thickness. This evaluation focused on identifying which tissue can be accurately distinguished

between normal and lesioned tissues (inter-class spectra) while also accurately classifying them

as equivalent when they belong to the same class (intra-class spectra). Figure 8 illustrates the

accuracy results for each tissue type and metric.

Fig. 8. Spectral difference between tumor and normal tissues fusing (a) breast, (b) lung, (c)

colorectal and (d) liver. Thickness is represented on the x-axis on a logarithmic scale.

Different metrics exhibit varying levels of discrimination due to their inherent characteristics

(e.g., SAM measures the relative difference between spectral signatures, while Euclidean distance

is an absolute metric). However, all metrics consistently show that a thickness of 5 μm offers no

discrimination between pathologies on unstained samples (accuracy around 0.5). The optimal

discrimination thickness was determined by first identifying the thickness that yielded the highest

accuracy for each evaluation metric individually. A majority voting approach was then applied to

select the thickness at which the greatest number of metrics reached their maximum performance.

This approach is metric-agnostic, as not all metrics may be equally relevant for a given application,

allowing flexibility in selecting the most appropriate metrics based on the specific requirements

of the intended use case. Based on this method, the optimal discrimination thicknesses were

found to be 1000 μm for breast tissue, 200 and 500 μm for lung and colorectal tissues, and 500

μm for liver tissue.

5. Discussion

In recent years, there has been a growing adoption of MS/HS microscopic systems. However, it

is essential to exercise caution in their application. In traditional histology, samples typically

range from 2 to 10 μm in thickness, which is thinner than the diffusion length in tissue (6 to 12

mm [45]). Given the absence of absorption and scattering in these thin samples, dyeing becomes

necessary to produce image contrast. However, employing sample dyeing in MS/HS microscopic

imaging is suboptimal as the final goal is to capture information regarding the interaction of light
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with intrinsic biomarkers present in tissue (endogenous chromophores). An in-depth analysis of

the current state-of-the-art was conducted to find out the tissue thickness utilized in previous

MS/HS microscopic studies. From this review, it was found that 60% of the documents did not

report the tissue thickness employed in the experiments, and from the other 40%, all works but

one analyzed samples of 2 to 10 μm thicknesses, following traditional histology procedures. The

objective of this work was to assess how the choice of sample thickness affects spectral contrast

on MS/HS microscopy data and to suggest an approach for understanding the impact of thickness

on the resulting spectral signatures.

A MC Light Transport Simulator framework was developed to investigate tissue-light interac-

tions at various thicknesses (5, 20, 50, 100, 200, 500, 1000, and 2000μm) in both normal and

lesioned tissues, including breast, lung, colorectal, and liver. This process involved a thorough

analysis of a microscopic HS system, with particular attention to its instrumentation and optical

components. Furthermore, the optical properties of the tissues, such as absorption, scattering,

scattering phase function, and refractive index, were sourced from the literature to create a

virtual model of the tissues for the simulations. After the development of the MC framework, ten

values were selected for each tissue, pathology, and thickness, making a total of 640 simulated

spectral signatures in the range of 400 to 1000 nm. Once the simulations were completed,

data augmentation techniques were applied to the original dataset to better reflect real-world

HS microscopic conditions. These techniques simulated practical factors such as sensor SNR,

wavelength calibration errors, inadequate thermal management of the light source, and intensity

fluctuations due to variations in the light source, thereby enhancing the simulation data with

more realistic scenarios.

MC simulated spectra from the virtual specimen illustrated that conventional histology thick-

nesses (∼5 μm) would produce uniform light responses, suggesting that contrast in standard

histology images primarily originates from dye absorbance (exogenous chromophores). Con-

versely, excessively thick samples (1000 and 2000μm) would block light transmission, resulting in

limited photon capture by the HS camera. Qualitatively, samples sliced at 500 μm demonstrated

enhanced discrimination between normal and lesioned tissue, although they exhibit a relatively

low maximum intensity (50% of the maximum achievable). To quantitatively evaluate the dis-

crimination factor of each thickness, at which normal and lesioned tissue become distinguishable,

several spectral evaluation metrics were employed (Euclidean Distance, SAM, NS3, SID, and

SID-SAM). For each thickness, these metrics evaluated all spectral signatures between them,

categorizing the results into two groups: inter-class (N vs L) and intra-class (N vs N | L vs

L) comparisons. The goal was to identify the thickness where a given metric best discerned

between spectra from different classes, characterized by small intra-class distances and large

inter-class distances. For each thickness, histograms of inter-class and intra-class distances

were created, and a range of thresholds were tested to find the one providing the most accurate

classification of classes. The accuracy of the classification at the optimal threshold for each

thickness indicated the discrimination power of the spectral evaluation metric at that thickness.

As expected from the qualitative analysis, results showed that a thickness of 5 μm did not provide

adequate differentiation between spectra from the same or different classes. For other thicknesses,

each tissue type exhibited a distinct maximum discrimination thickness: 1000 μm for breast

tissue, 200 and 500 μm for lung and colorectal tissues, and 500 μm for liver tissue.

However, caution is required when interpreting the absolute values presented in this paper since

several limitations must be considered in this study. The simulated tissue closely approximates in

vivo conditions (based on the available values in the current literature), although histological

analysis is performed on ex vivo samples. The biopsy procedure entails cutting and slicing,

which results in blood loss from the sample, leaving an arbitrary residual volume. Furthermore,

the remaining hemoglobin interacts with oxygen in the air, forming oxyhemoglobin. As a result,

the observed saturation levels may approach 100%, making them irrelevant to the original tissue
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saturation. Additionally, the preparation of formalin-fixed stained slices may lead to the loss

of water and fat. Other endogenous chromophores may also be missing, or the homogenized

structure of the sample may not accurately resemble the original tissue. These factors should be

considered in future simulations tailored to specific applications. Moreover, these simulations

do not account for the spectral signatures associated with sample fixation methods involving

chemicals such as formalin and paraffin. Variations in instrumentation (such as power loss in

the optical system and the effects of the histology glass holding the samples) have also not

been simulated. It is also important to note that the simulations were performed on a spatially

homogeneous sample, without accounting for structural heterogeneity and its effects on the

resulting MS/HS image (e.g., optical vignetting, image aberrations, focus variation, etc.). Thus,

while the virtual specimen enables the simulation of light transmission through various tissues

and thicknesses, the absolute spectral signature values obtained are not expected to perfectly

reflect real-life scenarios. Nonetheless, the results of the simulation show that for unstained

hyperspectral microscopy, the tissue thickness is a factor that should be considered during sample

acquisitions.

6. Conclusions

In conclusion, this study underscores the critical importance of carefully considering sample

preparation protocols in MS/HS microscopic applications, as conventional histological methods

may not be able to provide the enhanced information derived from light-tissue interactions in

thicker samples. The simulated spectral signatures presented here provide valuable insights

into how light-tissue interactions vary with tissue thickness, serving as a useful reference

point for future studies. Nevertheless, these results reflect a theoretical investigation, as they

do not account for sample heterogeneity, preparation artifacts, or instrument-specific effects

beyond those simulated. Consequently, further research is needed to determine the optimal

sample thickness for each tissue type to ensure more accurate and reliable results in real-world

applications. The methodology developed in this work can be adapted and extended to other

systems and tissue types, allowing researchers in the field to identify the optimal thickness for

their specific applications. Different MS/HS sensors with varying bandwidths and numbers of

spectral bands may also be simulated. The discriminative power of each thickness depends on

the tissue composition (which will be heterogeneous and more complex than the single-layer

model proposed in this paper) and on the quality of the spectral signatures (which will depend on

the instrumentation). Nonetheless, a correlation between the simulations and the experimental

results is expected when the spectral resolution of the instrumentation used in the experiments

aligns with the simulated one. However, this correlation must be validated empirically.

Thus, while simulated spectra offer insights into which tissue thicknesses provides enhanced

spectral contrast, future studies should empirically validate these findings. The framework

developed in this work can be used to perform a finer search for the optimal thickness of a specific

tissue, which can then be validated using HS microscopy data acquired from real tissue sections.

Validation would involve classification tasks, such as distinguishing between different tissue

types (e.g., liver vs. lung) or pathological states (e.g., normal vs. tumor), to assess whether

the selected thickness enhances classification performance. Afterwards, it would be crucial to

explore how variations in sample thickness can be effectively achieved and incorporated into

the clinical workflow. While the aim is not to drastically alter existing clinical processes, if

unstained thicker samples lead to improved spectral data in MS/HS microscopy, their integration

into clinical procedures could enhance diagnostic accuracy beyond the current state of the art.
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Chapter 5. HS microscopic 

Medical Databases 

A critical step toward the clinical translation of HS microscopy 

lies in the establishment of benchmark datasets that accurately 

capture the variability inherent in biological sample preparation and 

image acquisition conditions. These datasets are essential for 

advancing HS imaging research because they provide standardized 

yet diverse examples of tissue morphology and spectral signatures, 

which are indispensable for developing, training, and validating 

robust image analysis algorithms. Despite the growing interest and 

rapid technological progress in HS microscopy, a major challenge 

remains: the scarcity of publicly available, well-annotated HS 

microscopic datasets. This gap significantly impedes the ability of 

researchers to objectively evaluate and compare the performance of 

advanced processing methods, including HS image classification, 

spectral unmixing, and data compression. Without public, 

standardized datasets, benchmarking becomes inconsistent, 

hindering reproducibility and complicating collective progress in the 

field.  

This chapter addresses objective O5 of this Ph.D. thesis, which is 

dedicated to the acquisition of HS images of histological samples 

across varying preparation and imaging conditions. The goal is to 

create representative datasets that reflect real-world laboratory 

practices and enable reproducible, comparable research. To this end, 

two comprehensive databases were developed, each tailored to 

support different clinical and research needs within the field of HS 

microscopy. 

The first database (J4), “Histological Hyperspectral 

Glioblastoma Dataset (HistologyHSI-  )”, was created in-

house. The data have been published in The Cancer Imaging 
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Archive (TCIA) repository, and the data descriptor has been 

published in the journal Scientific Data. This dataset contains 469 

hyperspectral images acquired from 13 patients diagnosed with 

glioblastoma, a highly aggressive brain tumor. Tissue sections 

stained with H&E were captured at 20× magnification using a 

custom HS microscope system with spectral sensitivity spanning 

400 to 1000 nm. Expert histopathologists provided image-level 

annotations, ensuring clinical relevance and enabling robust 

algorithm training. By capturing both spectral and spatial tissue 

features, this dataset offers a rich resource for studying tumor 

heterogeneity and developing HS image analysis methods with 

application in neuro-oncology. 

The second dataset was established through a collaborative effort 

with the Department of Pathology at the Hospital of Tortosa Verge 

de la Cinta in Tortosa, Spain. During her research stay (M1), the 

Ph.D. Candidate contributed to the acquisition and curation of this 

breast tissue dataset, focused on recurrence cases. This database 

(J5), “Histological Hyperspectral  reast Cancer 

Recurrence Dataset (HistologyHSI- C  ecurrence)”, also 

published the data in TCIA and the data descriptor in the journal 

Scientific Data. It offers valuable imaging data for studying 

diagnostic challenges associated with recurrent tumors. It was 

specifically designed to advance prediction of distant breast cancer 

recurrence. It integrates 677 HS images, 47 histopathological whole-

slide images, and detailed clinical and demographic data from 47 

breast cancer patients, nearly half of whom developed recurrence 

over a 12-year period. The histological slides were digitized via 

whole-slide scanning and expertly annotated, while HS images were 

acquired using a bright-field microscope coupled with an HS camera. 

This multimodal approach offers unprecedented opportunities to 

identify prognostic biomarkers by combining spectral imaging, 

histopathology, and clinical insights, thus supporting personalized 

treatment strategies. 

The contents of this chapter offer significant contributions to the 

scientific community by releasing two publicly available HS 

microscopic datasets, which will lead to advancements in both 

research and clinical use of HS microscopic imaging. The 

HistologyHSI-GB and HistologyHSI-BC Recurrence databases 
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provide valuable, clinically relevant resources that support 

algorithm development and clinical translation. By addressing data 

variability and promoting standardization, this work helps 

accelerate reproducibility, collaboration, and the adoption of HS 

microscopy in routine medical practice. 
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Hyperspectral (HS) imaging (HSI) is a technology able to measure both the spatial and spectral information of 
objects or substances, combining the features of spectroscopy and digital imaging in a single imaging modality. 
Because the absorption, reflection, transmission and scattering of light are unique to each material, this technol-
ogy allows non-invasive identification of materials. The first use of HSI was for the remote sensing exploration of 
the Earth’s surface in the 80s1. In recent years, this technology has been extended to a wide range of applications, 
such as precision agriculture2,3, food quality inspection4–6, industrial sorting of materials7,8, art conservation9,10, 
or forensic sciences11,12. In medicine, recent research has proven HSI technology to be useful for different clinical 
applications13,14, for example, as a surgical guidance tool15,16, as a tool for early diagnosis17–19, or as a technology 
able to measure different biochemical parameters that can be useful for medical practitioners20–23.

Digital and computational pathology techniques are intended to provide pathologists with a tool for the 
quantitative analysis of pathological specimens, reducing inter-observer variability among different patholo-
gists and saving the time of manual examination of histological specimens24,25. Recently, some researchers have 
investigated HSI as a suitable technology for computational pathology in various fields, such as digital staining, 
colour enhancement, standardization of pathological slides or the exploitation of autofluorescence or immuno-
histochemistry of histological slides26. However, the primary use of HSI in computational pathology is currently 
in diagnostic research for routine clinical practice. In this context, recent applications have been focused on the 
diagnosis of cholangiocarcinoma27,28, head and neck squamous cell carcinoma29, membranous nephropathy30, 
breast cancer31, or the classification of leukocyes32,33, among others.

The workflow in HS computational pathology research usually involves digitizing the histological slides 
using HSI instrumentation and extracting information from the HS images that could be useful for diagnostic 
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purposes using various image processing methods. Although a wide variety of techniques are used in the lit-
erature to this end, it is difficult to compare the different approaches fairly, mainly due to the lack of publicly 
available datasets34.

In this work, we provide a publicly available dataset of HS images of haematoxylin and eosin (H&E) stained 
histological slides corresponding to brain tumours, specifically Glioblastoma (GB)35,36. To the best of our knowl-
edge there are other databases related to gastric cancer but, this is the first publicly available dataset of HS brain 
histological images35. This dataset is composed of 469 HS images from 13 different patients, with image-level 
annotations for two different classes (non-tumour or tumour) according to the manual examination of the 
histological samples. The HS images cover the spectral range from 400 to 1000 nm and were taken at 20× mag-
nification. On the one hand, this dataset can be relevant for researchers interested in HS image classification 
and other HS image processing techniques, such as spectral unmixing or HS data compression. This dataset was 
acquired by our research group and all HS images were employed to train different classification algorithms for 
GB detection which were presented in previous research work36–38. In this manuscript, we exclusively present 
the curated version of the dataset, from which artifacts and labelling errors found in previous publications have 
been eliminated. Besides the proposed classification techniques, a broad range of potential methods could be 
explored to evaluate the effectiveness of HSI in enhancing the performance relative to the outcomes obtained 
with RGB (Red-Green-Blue) images. On the other hand, this dataset can be used by researchers in the field of 
computational pathology and pathology practitioners to envision the possibilities of this technology for routine 
clinical practice. In this work, we provide a repository with the HS data, its homologous RGB image and, a snap-
shot of the original slides showing the region of interest for each HS image. We also provide a comprehensive 
explanation of the microscopic HS system, its quality validation process, and how the dataset is organized.

This section provides a detailed explanation of the methodology employed in previous works36–38, This includes 
a description of the methods used for collecting histological samples, an overview of the microscopic HS system, 
and the process of acquiring and processing the HS data.

The research conducted in this study employs human biopsies 
extracted during brain tumour resection procedures (Fig. 1a). This research involved participants who were 18 
years of age or older, all diagnosed with primary brain tumours and undergoing neurosurgical procedures at the 
University Hospital of Gran Canaria Doctor Negrín (Las Palmas de Gran Canaria, Spain). Prior to their involve-
ment in the study, each participant provided written informed consent, which explicitly authorized the publica-
tion of any images or data obtained during the study. The Research Ethics Committee of the University Hospital 
of Gran Canaria Doctor Negrin (Comité Ético de Investigación Clínica-Comité de Ética en la Investigación, 
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CEIC/CEI) approved the study protocol and consent procedures (reference 130069). All research procedures were 
conducted in strict compliance with applicable guidelines and regulations. The pathological slides used in this 
research were processed and analysed in the Pathological Anatomy Department of the same hospital. After the 
tumour tissue resection during neurosurgery, the biopsy samples underwent a series of standardized procedures. 
First, the samples were dehydrated to remove the excess of water, as it is immiscible with most embedding media. 
The samples were then embedded in paraffin blocks, mounted on microtomes and sliced into 4 μm thick slices. 
Finally, the slices were rehydrated and stained with H&E, a method commonly used in pathology.

The pathologists involved in the study analysed the stained sections using routine examination techniques. 
Each sample was evaluated and diagnosed as GB (a grade 4 primary brain tumour) according to the 2016 World 
Health Organization (WHO) classification of tumours of the central nervous system39. Macroscopic annotations 
of the GB locations on the physical pathological slides were made using a red marker pen (Fig. 1b). These anno-
tations served as reference points for further analysis. In addition, non-tumour areas, where no discrete pres-
ence of tumour cells was observed, were annotated (blue marker pen) on the histology slides. The pen-marker 
annotations on the histological slide were deliberately outlined with wide borders to maintain a safety dis-
tance between tumour and non-tumour areas. Afterwards, regions of interest (ROIs) were selected from these 
pathologist-annotated areas for further study. These ROIs were subsequently digitized using the microscopic 
HS system (Fig. 1c), allowing for a detailed analysis of their spectral characteristics. Multiple HS images were 
acquired to cover the entire selected ROI. Figure 1d shows an example of the annotations within the pathological 
slide and the selection of different ROIs and the HS images (imaged at 20×). Finally, Fig. 1e summarizes the 
number of HS images acquired for each patient in the HistologyHSI-GB dataset.

In this study, an HS camera coupled to a conventional brightfield microscope 
was employed to capture the HistologyHSI-GB dataset (Fig. 2). The HS camera (Fig. 2a) is a Hyperspec® VNIR 
A-Series from HeadWall Photonics (Fitchburg, MA, USA), which is based on an imaging spectrometer cou-
pled to a CCD (charge-coupled device) sensor, the Adimec-1000 m (Adimec, Eindhoven, Netherlands). This 
HS camera works in the visual and near-infrared (VNIR) spectral range, from 400 to 1000 nm with a spectral 
resolution of 2.8 nm, sampling 1004 spatial pixels and, 826 spectral channels. The microscope is an Olympus 
BX-53 (Olympus, Tokyo, Japan), with four magnification lenses: 5×, 10×, 20× and 50×. The objective lenses are 
optimized for infrared (IR) observations and the light source is an halogen lamp (Fig. 2b). The HS camera is based 
on a push-broom technique, requiring a spatial scanning to acquire an HS cube. The system employs a mechan-
ical stage (SCAN, Märzhäuser, Wetzlar, Germany) attached to the microscope for this purpose, which provides 
accurate movement in the 3 spatial axes directions (Fig. 2c-d). A more detailed description of the different parts of 
the acquisition system can be found in Table 1. A custom software was developed for synchronizing the scanning 
movement and the HS camera data acquisition. The optimal exposure time was configured to 40 ms (the maxi-
mum allowed by the HS camera). The scanning speed of the microscope platform was adjusted according to the 
ratio of pixel size to exposure time to obtain squared pixels in the resulting HS cubes. Since multiple images were 
captured from each ROI, the software was designed to enable the acquisition of consecutive HS cubes in a row. 

a

bc

d

c

d

a

b

Fig. 2 Microscopic HS system. (a) HS camera. (b) Halogen light source. (c) Positioning joystick. (d) XY linear 
stage.



4SCIENTIFIC DATA | (2024) 11:681 | 

www.nature.com/scientificdatawww.nature.com/scientificdata/

Whenever an HS cube was captured (composed by 800 lines), it was stored in memory while the camera and plat-
form continuing to capture data until several cubes were captured. This approach helps save time during image 
acquisition and minimizes the need for human intervention. To prevent potential degradation of focus or errors 
caused by the platform while moving, the capture of consecutive HS cubes was limited to a maximum of ten.

As previously mentioned, relevant areas were identified on the slides and 
highlighted with a pen in blue (non-tumour) or red (tumour). The capture process of a sample starts by selecting 
a ROI, from different non-tumour and tumour highlighted areas, to be imaged. Since cells details are needed for 
further processing, a 20× magnification was chosen to capture the HS images. The coarse focus of the specimen 
(Fig. 3a) is performed using the microscope binoculars. The procedure relies on the user’s subjective criteria. The 
final HS image is brought into focus by examining a specific frame captured by the push-broom camera, referred 
to as the Yλ frame (e.g., Yλ frame extracted from the yellow line in Fig. 3b). The λ axis of an Yλ frame corre-
sponds to the spectral information, while the Y axis represents the spatial information across the field of view 
(FOV) of the camera. The objective is to identify the sharpest spatial frequency along various working distances 
from the sensor to the sample (Fig. 3c shows a focused Yλ frame while Fig. 3d shows an unfocused one). The 
working distance adjustment is performed precisely by using the Z movement with the joystick.

After achieving the optimal focus on the sample, the software was configured to capture several HS images 
consecutively, where the number of images is defined as an input parameter. The number of images should 
be kept relatively low to avoid the focus degradation throughout the specimen, due to the non-flat nature of 
microscopic samples and the platform error/vibration during movement. In this case, a maximum of 10 HS 
images were extracted consecutively from a selected ROI. The dataset was captured with the light power set to 
the maximum (100 W) and the exposure time to 40 ms. At 20× magnification, the pixel size is 0.373 μm, and the 
microscope platform was configured to scan the sample at a speed of 9.325 μm/s. Furthermore, to overcome the 
challenges posed by the high dimensionality of the HS images, the collected cubes were constrained to a spatial 
size of 800 lines, resulting in 1.23 GB data cubes. The HS cubes had a dimension of 800 × 1004 × 826 (number 
of lines × number of rows × number of bands), corresponding to a spatial size of 299 × 375 μm recorded over a 
span of 32 s.

After the HS images were captured, the reference images for calibration were acquired. In HS image pro-
cessing, flat-field calibration is an essential step designed to correct the raw data recorded by an HS system. This 
method corrects the HS data for differences due to the environmental conditions and instrumentation. The 
flat-field calibration makes use of white (WR) and dark (DR) reference images. The WR recording is designed to 
capture data about the HS imaging system under the same conditions used for sample collection, without involv-
ing the sample itself. Therefore, the WR is obtained by scanning a section of the histological slide where no tissue 
is present. Since there is no sample material in such position of the slide, this HS frame contains the maximum 
values that the sensor is able to measure for each pixel and wavelength in the specified capturing conditions 
(exposure time, light intensity, the optical properties of the glass slide, etc.). Afterwards, the DR is captured by 
blocking the light transmission to the HS camera. This HS frame contains the minimum values that the system is 
able to provide for each pixel and band, and also information about the dark currents in the CCD. Ideally, the DR 
values should be very close to zero. However, higher values can be obtained, typically due to the intrinsic noise of 
the sensor. To ensure a robust measurement of the reference images for calibration, 100 Yλ frames are captured 
for both WR and DR, allowing any potential errors to be averaged. These reference images were employed for the 
HS data calibration as detailed in next section. During the acquisition process of the HistologyHSI-GB dataset, 

Component Manufacturer Model Key Parameter

Microscope

Microscope Model

Olympus, Tokyo, Japan

BX-53 Brightfield microscope
Trinocular Tube U-TR30IR-1-2 30° inclination and FN22
Eyepiece WHN10X-H-1-7 Wide field eyepiece FN22

Lenses*
LMPLN-IR 5× and 10×
LCPLN-IR 20× and 50×

Power supply unit TH4 - 200 12 V 100 W
Lamp House U-LH100IR-1-7 Transmittance and reflectance
IR Halogen Lamp Philips, Amsterdam, Netherlands 7724 EVA 400–1800 nm
Stage

Märzhäuser, Wetzlar, Germany
SCAN 130 × 85 3D movement with ± 3 μm resolution

Joystick M-HID-JS-3 Movement in the 3 axes
Camera Adapter Olympus, Tokyo, Japan U-CMAD3-1-7 C-mount

HSI System
HS Camera HeadWall Photonics, Fitchburg, 

MA, USA
Hyperspec® VNIR 
A-Series

Technology Push-broom scanning
Spectral range 400 to 1000 nm
N° of bands 826 bands
Spectral resolution 2.8 nm
Spatial size 1 × 1004 pixels

FPA Detector Adimec, Eindhoven, Netherlands RA1000m CCD with 7.4 μm pixel pitch
Frame grabber EPIX, Inc., Buffalo Grove, IL, USA PIXCI® EL1 PCIe x1 Camera Link Frame Grabber

Table 1. Description of the HS microscopic system components.
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image-level annotations were applied. These annotations (tumour or non-tumour) remained consistent across 
the entire HS cube, indicating that all data within the cube shared the same annotation.

The goal of the HS microscopic system is to provide a spectral signature per spa-
tial pixel of the captured scene. These spectral signatures indicate the percentage of incident radiation that the 
scanned object transmits or reflects at each captured wavelength. Various factors, including the inherent spec-
tral response of the sensor, the transmission of light through lenses and optical components, and the spectral 
characteristics of the light source influence the spectral response of an HS acquisition system. To obtain spectral 
signatures that accurately indicate the percentage of transmitted or reflected radiation at each wavelength in the 
sample, the HS cubes need to be calibrated. This calibration consists of normalizing the captured HS pixels by 
linearly scaling their values considering the WR and DR. Equation (1) is employed to calibrate the HS data, where 
ri and Rawi refer to each Yλ frame from the calibrated and the raw image, respectively. Figure 4 shows an example 
of how the spectral signatures of different pixels (Fig. 4a) are scaled to transmittance using the aforementioned 
calibration. The shape of the WR and DR is shown in Fig. 4b, and several pixels from a ROI before (Fig. 4c), and 
after calibration (Fig. 4d).

r
Raw DR
WR DR (1)i

i=
−
−

Furthermore, the calibration process also helps to remove the stripping noise effect, which typically appears 
when acquiring HS images using push-broom scanners40. The stripping noise consists in spatially coherent lines 
that appear in the spatial scanning axis due to static artifacts produced in the sensors, which are repeated in each 
push-broom frame, as shown in Fig. 5a. In the calibrated images, the effect of the stripping noise disappears 
(Fig. 5b). The stripping noise is mainly produced due to the fact that different photo-receptors of the sensor have 
slightly different sensibilities, producing slightly different values when measuring exactly the same amount of 
incident radiation. The effect of stripping noise and light influence can also be observed in the synthetic RGB 
shown in Fig. 5c and how this effect disappears after performing the calibration (Fig. 5d).

Greyscale images (Fig. 5a,b) were generated by averaging all spectral bands of the HS image, while the syn-
thetic RGB image (Fig. 5c) was obtained closely mimicking the spectral response of the human eye41. For mod-
elling the human eye spectral response, the method employed the normal probability density function following 
Eq. (2) over the HS data, where μ is the mean (μR = 590, μG = 560, and μB = 470) and σ is the standard deviation 
(σR = 0.08, σG = 0.06, and σB = 0.04). In Fig. 6, we can observe that, after the normal probability density func-
tion, RGB channels take the following central values and bandwidths: R = 590 ± 44 nm, G = 560 ± 79 nm and, 
B = 470 ± 111 nm.

( )f x e( ) 1
2 (2)

x1
2

2

σ π
=

μ
σ−
−

b

c d

a

Fig. 3 Capture process to obtain focused HS cubes. (a) Example of a histology slide with tumour and non-
tumour annotations. The yellow square identifies a ROI where the HS image was captured. (b) Synthetic RGB 
image where the Yλ frame employed to focus the sample is marked in yellow. Examples of (c) focused and (d) 
unfocused Yλ frames.
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Finally, in order to present some examples of the HistologyHSI-GB dataset, Fig. 7 shows the synthetic RGB 
images, as well as the different calibrated spectral bands found in several HS cubes. The contribution of the sen-
sor noise can be observed in the extreme bands.

The HistologyHSI-GB dataset42 has been deposited in The Cancer Imaging Archive (TCIA) repository43 for 
cancer imaging. The dataset is structured in a hierarchy of folders, as shown in Fig. 8. At the top level of the 
hierarchy there is a single folder associated with each one of the patients comprising the dataset. At the patient 
level, the folder names correspond to Pi, where i i{ 1 13}∈ ≤ ≤ . For each patient, we can find several folders 
containing the different HS images for that patient. There is a different number of folders per patient, and the 
name of each folder encodes the information about which ROI of the histological slide the data was acquired 
from (ROI_j) and another field indicating an image identifier within that ROI (Ck). The folders in the image level 
also contain information about the image-level annotations according to the diagnosis, which can be tumour (T) 
or non-tumour (NT). The number of ROIs and image identifiers varies depending on the patient, but the total 
number of images from each class can be found in Fig. 1e. A conventional image of the slide with the macro-
scopic annotations and the location of the different ROIs within the slide is available for each patient (Pi.png).

Finally, each folder within the image-folder level contains an HS image from the histological slide, the nec-
essary files for the calibration (dark and white references), and a synthetic RGB image extracted from the HS 
cube. The HS cubes are stored in ENVI format44 (the standard format for storing HS images). The ENVI format 
consists of a flat-binary raster file with an accompanying ASCII (American Standard Code for Information 
Interchange) header file. A more detailed description of the different files in each image folder can be found 

Fig. 4 Effect of calibration in the spectral signatures. (a) Grayscale image (generated by averaging each  
spectral band) and selecting pixels corresponding to different materials. (b) WR and DR spectral signatures.  
(c) Uncalibrated spectral signatures from the selected pixels. (d) Calibrated spectral signatures from the selected 
pixels. Colours in (c,d) correspond to selected pixels in (a).
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Table 2. The HS cubes from the histological slides and the white and dark references are stored as ENVI files. 
The HistologyHSI-GB dataset comprises 469 images from 13 different patients, where 166 images are labelled as 
tumour, and 303 are labelled as non-tumour.

A technical validation was accomplished to support the quality of the HistologyHSI-GB dataset. Linear sensor 
systems demonstrate analogous basis functions for both spectral sensitivity and responsivity decomposition45. 
Spectral responsivity refers to the effectiveness of light detection in relation to its frequency or wavelength. 
However, camera channels often exhibit varying sensitivity across different wavelengths due to the spectral 
responsivities of the detectors and the non-uniform output of diffractive or filtering elements46. Proper charac-
terization is essential for ensuring the reliability and accuracy of HS data analysis and interpretation. HS data 
captured for noise quantification and spectral and spatial calibration which are used to perform the technical 
validation (Fig. 9) can be found in a published dataset47.

In this section, we present the signal-to-noise ratio (SNR) measurements for our 
instrumentation. We obtained the signal (S) values by capturing images of the light without any sample, similar 
to the procedure used for recording the WR in flat-field calibration. For the noise (N) values, we recorded HS 
images in the absence of light. The SNR was calculated as the ratio between the mean value of S and the stand-
ard deviation of N. These recordings were taken over 100 push-broom frames under the same conditions as the 
image recordings. We calculated the SNR over the entire spectral range for the central pixel of the push-broom 
frame (Fig. 10a), which shows that the SNR exceeds 20 dB over the entire spectral range, peaking 42 dB at 655 nm. 

a b c d

Fig. 5 Examples of the uncalibrated and calibrated HS images. (a,b) grayscale representation generated by 
averaging all spectral bands of the uncalibrated and calibrated HS images, respectively. (c,d) synthetic RGB 
image of the uncalibrated and calibrated HS images, respectively, generated using a model of human eye 
spectral response.
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Fig. 6 Human eye spectral response to light where different colour line represents the normal probability 
distribution function modelling each channel.
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Furthermore, the SNR remains above 30 dB for wavelengths ranging from 448 to 894 nm. The SNR spatial dis-
tribution was also calculated over the camera FOV for different spectral bands (Fig. 10b), showing that SNR is 
evenly distributed over the FOV for the different spectral bands, indicating a uniform spatial distribution.

The WCT-2065 polymer (Fig. 9a), a transmittance wavelength calibration stand-
ard from Avian Technologies (New London, USA), was employed to conduct the spectral characterization of the 
microscopic HS system. It represents an alternative designation for NIST (National Institute of Standards and 
Technology) SRM-2065 standard48. Its purpose lies in facilitating the calibration of spectrophotometers, covering the 
wavelength range of 400–2200 nm. The standard uses a glass filter material that incorporates a combination of rare 
earth oxides. This glass composition includes holmium oxide, samarium oxide, ytterbium oxide, and neodymium 
oxide, which are blended with lanthanum, boron, silicon, and zirconium oxides found in the base glass. The resulting 
combination of these oxides creates a filter material with specific optical properties suitable for calibration purposes.

400 nm 500 nm 600 nm 700 nm 800 nm 900 nmSynthetic RGB
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Fig. 7 Examples of HS images from the HistologyHSI-GB dataset showing the synthetic RGB images and 
different spectral bands after calibration for tumour and non-tumour samples.
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An HS image of the WCT-2065 polymer was captured using the microscopic HS system and further 
pre-processed. This calibration standard can qualitatively validate the spectral quality of the employed instru-
mentation (Fig. 11). However, a systematic approach is required for a more accurate and thorough calibra-
tion. In order to perform the quantitative validation, the Pearson correlation coefficient (PCC) and root mean 
square error (RMSE) Eq. (3) were employed to measure the difference between two sets of data. PCC measure 
the degree of linear anti-correlation or correlation in the range [−1, 1], where −1 indicates perfectly linearly 
anti-correlated data and 1 indicates perfectly linearly correlated data and it is computed following the Eq. (4). In 
addition, local maxima and minima were found to detect the most significant signal peaks. Thus, similar peaks 
were identified both in the captured image and the reference (represented by red and black crosses in Fig. 11a, 

…

…

P1

P2

Pi

P13

ROI_1_C01_T

ROI_1_C02_T

…
ROI_2_C01_NT

HistologyHSI-GB Patients Image folders Files

darkReference

whiteReference

whiteReference.hdr

rgb.png

darkReference.hdr

raw

raw.hdr

Pi.png

ROI_j_Ck_T/NT

…

Fig. 8 Graphical representation of the HistologyHSI-GB dataset structure.

File name Description
darkReference ENVI binary file containing the dark reference used for calibration.
darkReference.hdr ENVI header for the dark reference.
raw ENVI binary file containing the histological HS data.
raw.hdr ENVI header for the raw file.
rgb.png Synthetic RGB image extracted from the HS cube.
whiteReference ENVI binary file containing the white reference used for calibration.
whiteReference.hdr ENVI header for the white reference.

Table 2. Brief description of the different files contained in each folder in the dataset.

Fig. 9 Spectral and spatial calibration targets. (a) Certified WCT-2065 polymer. (b) 0.01 mm microscope slide 
reticule.
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respectively), resulting in a mean wavelength difference spectra shift of 6.60 nm between them. Furthermore, 
Fig. 11b shows that the PCC between WCT-2065 and the measured HS peak absorbance values provided good 
value, as well as, it RMSE (PCC = 1 and RMSE = 0.02). Thus, this NIST traceable standard allows accurate and 
reliable measurements of the spectral reliability of the HS acquisition system.
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Spatial resolution, the ability of a camera to capture fine details and distinguish 
between separate objects, is also a critical feature in imaging systems. It determines the smallest size of an object 
that can be recorded. This parameter is essential in applications like histological diagnosis, where identifying 
small details is essential. Accurate spatial resolution characterization enables improved system performance and 
precise analysis in various fields, including histopathology49. Firstly, the camera is manually aligned to capture 
the information properly50. Then, the spatial resolution of the microscopic HS system was evaluated both theo-
retically and empirically. The theoretical calculation of the FOV, shown in Eq. (5), considered factors such as pixel 
size (Ps), number of pixels (N), magnification (Mi), and sensor size (Ss).

FOV Ps N
M

S
M (5)i

s

i
= ⋅ =

An empirical test using a micrometre ruler (Fig. 9b) provides further insight into the spatial resolution capa-
bilities of the cameras. In order to perform this test, a Yλ spatial profile of the ruler (Fig. 12a) and its first deriv-
ative (Fig. 12b) was analysed to determine the mean distance between peaks (local minima peaks signalled with 
red crosses and local maxima peaks with green crosses). The results of the theoretical calculation provide a pixel 
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Fig. 10 SNR of the microscopic HS system: (a) over the spectral range for the central pixel of the push-broom 
frame and (b) its spatial distribution for different wavelengths (blue: 403 nm, orange: 448 nm, yellow: 655 nm, 
purple: 894 nm and green: 997 nm).
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Fig. 11 Spectral characterization of the microscopic HS system. (a) Manufactured certified spectral signature 
of the WCT-2065 polymer (black line) and spectral signature captured by the microscopic HS system (red line). 
(b) Pearson Correlation Coefficient between WCT-2065 and the measured HS peak values.
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size of 0.3700 μm and the empirical one is 0.3697 μm. This method confirmed that the spatial resolution of the 
microscopic HS system matches the theoretical pixel size with an average error of less than 0.0003 μm.

Once the pixel size has been calculated and the camera has been visually aligned, together with the infor-
mation about the mechanical resolution and frame rate of the camera, the required motor rotation speed of the 
mechanical stage is determined. However, an additional analysis was conducted to further improve and verify 
the correct configuration of the scanning parameters. The entire HS acquisition system is considered as a whole, 
including the microscope, camera, and movement mechanism. For this evaluation, the goal is to capture an 
image of a circle printed in a calibration slide (dot target) and evaluate its appearance to identify camera mis-
alignments and suboptimal movement speeds. The circle appears as a perfect rounded circle when captured at 
the correct speed but appears as an ellipse when the speed is too high or too low. While visual inspection pro-
vides a relatively good assessment, an automatic methodology50 is needed for a more precise and rigorous cali-
bration. First, principal component analysis (PCA) is employed to find the directions of the longest and shortest 
axes of the ellipse (φmin and φmax). Then, eccentricity can be calculated following Eq. (6), where a perfect circle 
would provide values close to zero. In our case, the dot target from the calibration slide was captured, and its 
eccentricity was computed providing accurate results (e = 0.176). Thus, the microscopic HS system is properly 
calibrated in the spatial domain, and it is possible to acquire HS images under satisfactory conditions.
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max

2

2
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φ
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The pre-processing framework applied to each HS cube is based on 
standard calibration and spectral band reduction. First, HS images are transformed from radiance to normalized 
transmittance by calibration. As a result of the strong correlation of spectral information between adjacent spec-
tral bands, we propose to reduce the spectral dimensionality of the original data. A spectrally reduced HS image is 
generated by averaging the spectral bands of adjacent neighbouring bands to perform this band reduction. Using 
a spectral window of three neighbours, this process reduces the original 826 bands to 275, while slightly decreas-
ing the presence of white Gaussian noise. Furthermore, reducing the number of bands proves to be advantageous 
in terms of reducing the computational cost of subsequent image processing tasks. However, this band reduction 
is optional, depending on the further processing interest. Additionally, for image analysis involving the spectral 
analysis of the samples, it is recommended to perform a background sample segmentation, where the pixels cor-
responding to the tissue and the background light of the microscope are identified. Finally, to use classification 
methods, the label (tumour or non-tumour) of each HS cube should be extracted from the folder name.

To perform machine learn-
ing analysis, an unbiased data partition should be performed. The dataset used for this study poses three chal-
lenges. First, the dataset is limited in the number of patients (13 patients). Second, samples containing both 
classes (tumour and non-tumour) are only available for 8 patients. Hence, the non-tumour samples information 
is limited in terms of patients. Third, the dataset is unbalanced, with more images annotated as non-tumour. In 
previous works36,38, a data partition based on 4 different folds was employed. Furthermore, spectral unmixing 
techniques could be performed as a preprocessing stage prior to classification51, or they can be used to determine 
the abundances of known endmembers of the images, specifically identifying the proportions of the H&E stains 
in each pixel52.

Fig. 12 Pixel size validation using a micrometre ruler. (a) Profile of Yλ frame extracted from the Yλ frame and 
(b) its first derivative where red crosses are local minima peaks and green crosses local maxima peaks.
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The dataset has several limitations. As previously mentioned, the 
primary limitation is its relatively small cohort, consisting of data from only 13 patients. Furthermore, informa-
tion for both classes of interest, tumour, and non-tumour, is available for only 8 of these patients. This leads to an 
imbalanced dataset, with a predominance of images classified as non-tumour. Such an imbalance could poten-
tially introduce bias and affect the generalizability of the findings derived from this dataset.

Another limitation is related to the type of annotations available in this dataset. The macroscopic annotations 
of tumour and non-tumour regions on the pathological slides, leading to only image-level annotations for the 
HS images. A more sophisticated method for digitally annotating the images would allow to identify regions 
where tumour and non-tumour tissues are adjacent, making possible to capture regions comprising both classes 
in a single HS image. More detailed digital annotation would help in further validating the classification algo-
rithms on a pixel-by-pixel basis and could also offer potential for other methods such as unsupervised learning 
or spectral unmixing. However, more detailed annotations would significantly increase the time and manual 
effort required to label each image.

Finally, this dataset is focused on images captured on a single magnification (20×). The motivation of using 
the higher magnification available for the instrumentation was driven by the need to capture detailed cell-level 
information from the histological slides. However, creating a dataset containing the same images at different 
magnifications could be of potential interest and benefit to the scientific community.

In summary, future datasets of HS histological samples will need to include a larger number of patients, 
ensure a balanced representation of the various classes of interest, incorporate more detailed annotations, and 
provide images at various magnification levels.

A tutorial on how to read and display HS data is available in a public repository: https://github.com/HIRIS-Lab/
HistologyHSI-GB. These tutorials include the use of custom MATLAB and Python functions and some of the 
most common toolbox/libraries.
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In 2022, breast cancer (BC) was the most common type of cancer in women, with an incidence of 23.8%, and 
the leading cause of cancer-related death among women, accounting for 15.4% of all cancer-related deaths1. 
Cancer cells can spread from the primary tumor to other parts of the body, which is known as metastasis and is 
the main cause of death in most cancers2,3. Metastasis occurs in nearly 1 out of 3 patients diagnosed with BC and 
can appear in the axillary lymph nodes (regional metastasis) or in other organs (distant metastasis)4. Overall, 
the 5-year survival rate after diagnosis of BC is 91%. However, this rate is higher in patients with tumors located 
exclusively in the breast (99%) than in patients with regional metastasis (86%) or with distant metastasis (31%), 
where survival decreases dramatically4. Women with distant metastases may have either de novo distant spread, 
where distant metastases are already present at the time of diagnosis, or develop distant metastases after an 
initial diagnosis and treatment, which is known as recurrence5. While de novo cases account for approximately 
25% of metastatic BC diagnoses, the majority result from recurrence6. Whether de novo or recurrent, distant 
metastases remain incurable7,8.
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Certain classic prognostic factors are associated with the risk of developing distant metastasis, such as age, 
tumor diameter, stage, tumor grade, tumor type or lymphovascular invasion (LVI)8. Additionally, studies have 
identified other biomarkers with prognostic value in the disease that may be associated with metastasis, includ-
ing genetic alterations, circulating tumor cells and circulating tumor DNA, biomarkers of response to immu-
notherapy and gene expression platforms to predict the risk of recurrence9–11. However, to date there is no 
consensus for the implementation of most of these biomarkers in routine clinical practice. Therefore, there 
continues to be a growing interest in identifying specific prognostic biomarkers that allow determining the 
probability of developing metastasis.

Cancer detection relies heavily on imaging methods like X-ray, ultrasound, and magnetic resonance imag-
ing12. However, treatment decisions require a conclusive histopathological diagnosis, which is obtained from a 
tissue biopsy. BC can be broadly categorized into in situ carcinoma and invasive carcinoma. Among these, ductal 
carcinoma in situ (DCIS) represents the most prevalent subtype of in situ carcinoma, while invasive ductal car-
cinoma (IDC) is the most common subtype of invasive carcinoma. Nevertheless, given the heterogeneity of BC, 
the accurate identification of these subtypes among other histological subtypes requires extensive expertise and 
a deep understanding of breast pathology13. The rise of digital pathology, which leverages whole-slide images 
(WSIs), has revolutionized research and diagnosis in pathology, particularly in cancer, by enabling more efficient 
data sharing across institutions and promoting remote collaborations. WSIs are high-resolution digital images of 
traditional glass pathology slides, which can be viewed, analyzed, and shared on a computer screen14,15. The use 
of WSIs also paves the way for computational pathology, which started from the use of traditional image analysis 
methods to advanced machine learning (ML) and deep learning (DL) algorithms16,17. Remarkably, these novel 
approaches offer the potential to integrate multiple data modalities, extending beyond histopathology image 
analysis. This includes linking histopathological images with clinical factors, such as prognosis and genetic 
mutations, thereby enhancing BC diagnostics18–20.

Beyond conventional methods, other imaging modalities show promising potential for improving the diag-
nosis and prognosis of BC patients. Among these, hyperspectral (HS) imaging (HSI), combines traditional imag-
ing with spectroscopy to capture both spatial and spectral information. Each material interacts uniquely with 
emitted radiation, reflecting and absorbing it in a way that creates a distinct radiance vector, often named spec-
tral signature. HSI sensors can capture these spectral signatures, acquiring significantly more data than standard 
RGB (Red, Green, Blue) cameras and extending imaging capabilities beyond human vision (e.g., near-infrared 
(NIR) HS sensors can capture wavelengths ranging from 900 to 1,700 nm)21. In recent years, the use of HSI in 
medicine has begun to achieve promising results regarding cancer detection by utilizing cutting-edge ML algo-
rithms to process the high amount of HS data22–24. In the existing literature for medical histological applications, 
HSI has been used to identify pancreatic neoplasms with different prognoses25, quantify Ki67 as a prognostic 
factor in lymphomas26 and study the interactions between tumor cells and immune cells of the tumor microen-
vironment in response to immunotherapy in lung cancer27, obtaining promising results.

Research in this area is still in its early stages, and the number of published studies remains limited. 
Regarding WSI and clinical and demographic databases, The Cancer Genome Atlas (TCGA) is one of the main 
publicly available sources for hematoxylin and eosin (H&E)-stained WSIs and associated clinical and demo-
graphic data28. The main challenge of this database is the lack of annotations, which makes the subsequent anal-
ysis of these WSIs difficult. The Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) 
is another database that provides clinical, demographic, and molecular data of over 2,000 BC cases29. However, 
it primarily focuses on genomic and transcriptomic data and does not include WSIs. Several publicly available 
databases contain H&E-stained WSIs30, but most include annotations focused on specific cell types in BC, such 
as tumor-infiltrating lymphocytes and inflammatory cells. We have identified one database - Breast Cancer 
Semantic Segmentation (BCSS) that provides specific annotations of tissue compartments, distinguishing 
between tumor and healthy tissue31. Regarding medical HS databases only two major sets were identified: in 
2022, Zhang et al.32 introduced a large-scale database for HS microscopic images of precancerous lesions in 
gastric cancer, and in 2024, Ortega et al. released the HistologyHSI-GB dataset33, focused on HS glioblastoma 
histology. None of those databases included clinical or demographic data, this being one of the main challenges 
in this field. There is a limited availability of comprehensive, high-quality databases, which hinders the broader 
application of clinical and demographic data, WSIs and HSI in clinical practice and research. The lack of such 
databases makes it difficult to fully explore the potential of HSI together with conventional practices for diag-
nosing and predicting disease outcomes, such as recurrence in BC.

This paper presents a publicly accessible database designed to investigate specific prognostic biomarkers 
for predicting the likelihood of BC recurrence due to distant metastasis. The HistologyHSI-BC Recurrence 
Database includes clinical and demographic data from BC patients, along with WSIs and HS images obtained 
from their primary tumor samples. This database is intended to evaluate the ability to predict recurrence due to 
distant metastasis over a 12-year follow-up period. Biopsies from 47 patients diagnosed with BC were extracted, 
sliced and stained with H&E, 47 WSIs and 677 microscopic HS images were taken, and their clinical and demo-
graphic data were collected. Among these patients, 22 experienced distant recurrence. A schematic overview of 
the study workflow is presented in Fig. 1.

The HistologyHSI-BC Recurrence Database will benefit researchers by providing a comprehensive, mul-
timodal database that integrates WSIs, HS images, and clinical and demographic data from BC patients. This 
resource enables the development and refinement of predictive models for BC recurrence due to distant metasta-
sis, starting to fill a significant gap in available databases. Researchers can leverage this data to explore innovative 
ML approaches, enhance diagnostic accuracy, and identify novel biomarkers for BC recurrence. Additionally, 
the database promotes reproducibility, facilitates collaboration across institutions, and accelerates research in 
computational pathology, potentially improving personalized treatment strategies and benefiting broader cancer 
research efforts.
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This is a retrospective case-control study 
carried out on 47 BC patients diagnosed with IDC, now called invasive breast carcinoma of no special type34, 
between 2006 and 2015, who met the eligibility criteria for inclusion (Table 1). Cases include 22 patients who 
experienced recurrence due to distant metastasis during the 12 years following diagnosis. The remaining 25 
patients who did not experience recurrence during the 12 years of follow-up are included as control group.

The study was approved by the Drug Research Ethics Committee of the Institut d’Investigació Sanitària 
Pere Virgili (IISPV), Tarragona, Spain, under reference number 134/2022. The samples used in this study were 
obtained from Biobank IISPV-Node Tortosa, Tarragona, Spain, following the principles of ethical conduct and 
data protection. The Biobank has approved the open publication of the data associated with this work. All par-
ticipants whose samples were stored in the biobank have previously signed an informed consent form, explicitly 
authorizing the collection, storage, and future use of their biological materials and associated data for research 
purposes. The processing, communication and transfer of personal data of all participants comply with the 
provisions of Organic Law 3/2018, of December 5, on the Protection of Personal Data and Guarantee of Digital 
Rights and with Regulation (EU) 2016/679 of the European Parliament and of the Council, of April 27, 2016, on 

Fig. 1 Schematic overview of the study design or workflow. The patient cohort comprises 47 BC patients, of 
which 22 (47%) experienced distant recurrence over a 12-year follow-up period and 25 (53%) did not. All these 
patients had a breast tumor biopsy, which was collected, prepared, and stained with H&E. The H&E-stained 
slides were digitized to obtain WSIs and annotated to differentiate three tissue compartments: IDC, healthy 
tissue and DCIS. Within each annotated area, ROIs were selected, from which HS images were acquired to 
generate HS cubes and extract spectral signatures. Together with the clinical and demographic data, all this 
information constitutes the HistologyHSI - BC Recurrence Database.
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the protection of natural persons with regard to the processing of personal data and the free circulation of these 
data, and repealing Directive 95/46/EC (General Data Protection Regulation). The data generated and collected 
during this study are anonymized to ensure the security of the information, safeguarding the confidentiality and 
privacy of the patients.

Data Collection
The data collection process involved extracting information from clinical 

records, including demographic and clinical data, which were following Table 2.

Paraffin blocks of primary tumor biopsies with sufficient representative IDC tis-
sue were obtained from the Biobank IISPV-Node Tortosa, Tarragona, Spain. The samples were processed in the 
Pathology Department, where 2 μm-thick sections were prepared from each paraffin block and stained with H&E 
according to the instructions of the manufacturer. The slides were sealed with coverslips using dibutylphthalate 
polystyrene xylene (DPX) mounting medium for subsequent digitization and HS microscopic image acquisition.

The H&E-stained slides were digitized with the Pannoramic 250 Flash III WSI scanner (3DHISTECH Ltd., 
Budapest, Hungary) at 20 × magnification (0.2433 μm/pixel) using MRXS image format. WSIs were visualized 
using QuPath35 (available at: https://qupath.github.io/) for technical validation and annotation, and anonymized 
using the SlideMaster software (3DHISTECH Ltd., Budapest, Hungary). The annotation process of each WSI 
was manually performed by pathologists using diverse colors to distinguish between IDC, healthy tissue, and 
DCIS. The annotations were made with the following color scheme: IDC was outlined in blue, healthy tissue in 
green, and DCIS in red (Fig. 2a).

Moreover, within each of these three tissue compartment types, different regions of interest (ROIs), sur-
rounded by yellow line, were identified and annotated to subsequently acquire the HS image using the HS 
microscopic system (Fig. 2a). These ROIs were selected to ensure the inclusion of representative areas of each 
class (IDC, healthy and DCIS), capturing relevant spectral variability for further analysis.

The HS images were captured using a HS microscopic system (Fig. 2b). The system features the 
Hyperspec® VNIR (Visible and Near Infrared) A-Series camera (HeadWall Photonics, Fitchburg, MA, USA), 
a pushbroom HS camera that captures data by scanning the sample spatially. The camera is equipped with a 
charge-coupled device (CCD) sensor that covers a spectral range of 400–1,000 nm, capturing 826 spectral bands 
across 1,004 spatial pixels per line. It offers high spectral resolution with a slit image full width at half maxi-
mum (FWHM) of 2.5 nm and a pixel size of 7.4 μm. Data are acquired with a 12-bit ADC (Analog-to-digital 
Converter), and each HS line has a size of 1,004 × 826 pixels and requires 1.6 MB per line on disk for storage. The 
microscope used is the OLYMPUS BX-53 (Olympus, Tokyo, Japan), with LMPLN-IR (5 × , 10 × ) and LCPLN-IR 
(20 × , 50 × ) objective lenses optimized for infrared imaging. The system uses a 100 W TH4 halogen lamp 
(Olympus, Tokyo, Japan) as the light source, covering a wavelength range from 400 to 1,800 nm and supporting 
both transmittance and reflectance light paths. To acquire full HS images, the pushbroom camera requires spatial 
scanning, which is facilitated by a SCAN 130 × 85 scanning stage (Märzhäuser, Wetzlar, Germany). The stage 
ensures high precision ( ± 3 μm accuracy) as it moves the sample, keeping it aligned with the objective and light 
path. Furthermore, an RGB camera, the acA5472-17uc (Basler AG, Ahrensburg, Germany), provides real-time 
visualization of the sample to navigate it without the need of using the microscope binoculars. It is a 20 MP com-
pact camera with a Sony IMX183 CMOS sensor (Tokyo, Japan), 5,496 × 3,672 resolution, and 17 fps. It features 
USB 3.0, a C-mount, and supports hardware/software triggers.

Calibration of the HS images is necessary to ensure the data accurately represents the sample’s spectral signa-
tures. The HS microscope captures spectral signatures for each pixel, but factors like the sensor’s response, light 
transmission, and the light source can affect accuracy. The calibration process involves normalizing the pixel 
values of the HS image by adjusting them based on a white reference (WR) and a dark reference (DR). WR is 
obtained by focusing on an empty area of the slide at the same working distance. This ensures no sample material 
is present, allowing the frame to record the maximum signal the sensor can measure for each pixel and wave-
length under the given conditions (e.g., exposure time, light intensity, and slide properties). Conversely, the DR 
is captured by completely blocking light transmission to the HS camera. This frame captures the minimum sig-
nal levels detectable by the sensor for each pixel and band, as well as dark current information from the CCD. 
Ideally, DR values approach zero; however, higher values may occur due to intrinsic sensor noise. To enhance the 
reliability of the calibration process, 100 frames are collected for both the WR and DR, ensuring that averaging 
reduces potential errors. Finally, the calibration of the HS image is achieved using Eq. (1), which relates the cal-
ibrated HS image (ri) to the raw HS image (Rawi).

Inclusion Exclusion

A diagnosis of IDC Receipt of neoadjuvant treatment, as it is known to modify the 
tumor microenvironment

Representativeness of IDC tissue in surgical biopsy Recurrence occurring in the breast rather than in distant organs
A clinical history with complete clinical and pathological data Presence of distant metastases at the time of diagnosis
Patient’s agreement to be included in the study Failure to meet any of the inclusion criteria

Table 1. Eligibility criteria for patient inclusion.
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In-house software was developed to serve multiple functions in the HSI acquisition process. It displays the 
RGB image to facilitate sample navigation under the microscope and ensures synchronization between the HS 
camera and the scanning platform by aligning their frame rate and platform movement. After capturing the 
HS image, the software removes the extreme bands from the raw HS image (reducing the spectral range from 

Attribute Definition Format

Demographic Data

Sex Patients’ gender 1: Female
Race Patients’ race 1: White
Ethnicity Patients’ ethnicity 1: Hispanic
Menopausal status Menopausal status of the patient 0: Premenopause and 1: Postmenopause

Diagnosis
Dx surgery Type of surgery 0: Mastectomy and 1: Lumpectomy
Dx age Difference between diagnosis and birth dates Years

Tumor Data

Tumor diameter Maximum diameter of the irregular shaped tumor Millimeters

Tumor histologic grade Degree of differentiation of tumor cells, reflecting how different 
they are from normal breast cells 1: Grade 1, 2: Grade 2 and 3: Grade 3

LVI Presence of tumor cells within lymphatic or blood vessels 0: Negative and 1: Positive

PNI Ability of cancer cells to proliferate around peripheral nerves and, 
eventually, invade them 0: Negative and 1: Positive

Tumor Stage

T (tumor) Tumor size assessed by pathological evaluation 1: T1, 2: T2, 3: T3, and 4: T4

N (node) The cancer has spread to the LNs assessed by pathological 
evaluation 0: N0, 1: N1, 2: N2 and 3: N3

M (metastasis) Status of breast cancer spreading to a different part of the body 0: M0

Tumor Molecular Markers

ER Status of ER 0: Negative and 1: Positive
PR Status of PR 0: Negative and 1: Positive
HER2 Status of HER2 0: Negative and 1: Positive

KI67 Index quantifying KI67 expression to measure how fast cancer 
cells are dividing in a tumor 0: KI67 index < 20% and 1: KI67 index ≥ 20%

Molecular subtype Classification according to IHC status of ER, PR, HER2 and Ki67 0: Luminal A, 1: Luminal B HER2-, 2: Luminal B 
HER2+, 3: HER2+, and 4: Triple negative

LNs Status

LN status Status of the spreading of tumor cells to the SLNs and non-SLNs 0: Negative, 1: ITC, 2: Micrometastasis and 3: 
Macrometastasis

LN ITC number LNs with ITC Natural number
LN MICRO number LNs with micrometastasis Natural number
LN MACRO number LNs with macrometastasis Natural number
LN number LNs removed during SLN biopsy and/or LN dissection Natural number
SLN number LNs removed during SLN biopsy Natural number

SLN status Presence (or absence) of tumor cells in the SLNs 0: Negative, 1: ITC, 2: Micrometastasis and 3: 
Macrometastasis

Tumor Treatment

Tx hormonal Patient received (or not) hormonal treatment 0: Not received and 1: Received
Tx CT Patient received (or not) adjuvant CT after the surgery 0: Not received and 1: Received
Tx trastuzumab Patient received (or not) trastuzumab 0: Not received and 1: Received
Tx RT Patient received (or not) RT 0: Not received and 1: Received

Follow-up

Metastasis type Status of cancer spreading from the primary tumor to other organs 
during the follow-up period

0: No evidence of local or distant metastases, 
1: Metastasized on nearby tissues or LNs, 2: 
Metastasized in distant organs from primary 
site and 3: Both local and distant metastases are 
present

DFS
Time a patient survives without any signs or symptoms of cancer 
after finishing primary treatment. Difference between the relapse 
and diagnosis dates. If the patient did not relapse, the date of last 
follow-up is used instead.

Months

Vital status 0: Alive and 1: Deceased
Death cause 0: Other causes / Still alive and 1: Cancer

OS
Time from the date of cancer diagnosis that patients remain alive. 
Difference between the death and diagnosis dates. If the patient 
did not die, the date of last follow-up is used instead.

Months

Table 2. Description of the study variables. CT, chemotherapy; DFS, disease-free survival; Dx, diagnosis; ER, 
estrogen receptors; HER2, human epidermal growth factor receptor 2; IHC, immunohistochemistry; ITC, 
isolated tumor cells; KI67, proliferation index; LN, lymph node; LVI, lymphovascular invasion; MACRO, 
macrometastasis; MICRO, micrometastasis; OS, overall survival; PNI, perineural invasion; PR, progesterone 
receptors; RT, radiotherapy; SLN, sentinel lymph node; Tx, treatment.
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400–1,000 nm to 400.5–938 nm), as these bands contain significant noise, and then saves the raw HS image. The 
calibrated HS image is then generated, using Eq. (1), and saved on memory as five-digit 16-bit unsigned integers 
(uint16), where the most significant digit represents the units, and the remaining digits correspond to the dec-
imal places of the transmittance values. Therefore, to obtain true transmittance values, the calibrated HS image 
must be divided by 104. Additionally, the software creates a synthetic RGB image, following the methodology 
explained by Ortega et al.33, to facilitate the visualization of the spatial characteristics of the HS image.

Prior to any HS image capture, magnification is selected, in this case the 10×. WR and DR reference images 
are collected. Then, to acquire the HS image, the associated WSI is examined in QuPath35 to identify an ROI 
within a specific class, such as IDC (blue), healthy (green) or DCIS (red) tissue. The identified ROI is searched 
for in the HS microscopic system using the RGB camera and marked down on the histological image using a 
yellow rectangle (Fig. 2c). The ROI is then captured using the HS microscope, generating the raw HS image, 
the calibrated HS image, and the synthetic RGB image (Fig. 2d). The RGB image of the ROI is also captured 
(Fig. 2e) for future analysis. All data corresponding to one of these captures are saved using an identifier with its 
corresponding metadata, including the patient identifier, classification, and region (e.g., HSI_VNIR_15_IDC_
x10_C01; see Data records section for more details).

Data Records
The HistologyHSI-BC Recurrence Database36 has been deposited at The Cancer Imaging Archive (TCIA) repos-
itory37 to make it publicly available, organized into a multilayer folder arrangement. The database is divided into 
three main components: clinical and demographic data, histological WSI and HS images (see Fig. 3a). The clin-
ical and demographic data are stored at the 00_01_Clinical_Demographic_Data file. This XLSX file documents 
patients’ demographic status, breast tumor characteristics, treatment received, and their follow-up outcomes 
(detailed description on Table 2).

Furthermore, the histological data are structured in 3 folders. Firstly, 01_01_Histological_Images folder 
contains the WSI for each patient, stored as MRXS files. Each WSI requires a corresponding metadata folder 
containing DAT and INI files for proper rendering. Moreover, 01_02_Tissue_Annotations folder includes WSI 
histological annotations that classify tissue types, with boundaries of the regions outlined in blue (IDC), green 
(healthy), and red (DCIS), as shown in Fig. 2a. The third folder, 01_03_HSI_ROI_Annotations contains the ROI 
for each HS image, with the boundaries of the region outlined in yellow (Fig. 2a). Both histological WSI and HS 
image ROI annotation files are provided in GeoJSON format. A summary of the areas of annotations per patient 
and tissue type is shown in Table 3. Lastly, 02_01_HSI_Images folder contains the HS images of the histological 
slides, stored in ENVI format38. Each capture includes the raw HS image, WR and DR calibration files, and the 
calibrated HS image following the procedure described in Eq. (1). As the ENVI standard states, the HS image 
is saved as a flat-binary raster DAT (data) file with an accompanying HDR (header) file containing essential 
metadata to interpret it. Moreover, within each capture folder a synthetic RGB image and a view of the ROI 
captured by the RGB camera are stored. The HS image data are stored in folders named according to the regular 
expression HSI_VNIR_{P}_{TT}_x10_C{CN}, where {P} represents the patient ID, {TT} indicates the tissue type 
(IDC, healthy, or DCIS), and {CN} is the capture number (Fig. 3b).

A preliminary statistical analysis was conducted to 
identify differences in the variables between patients with and without recurrence, as shown in Table 4. Statistical 
tests used for comparisons included the absolute frequency (percentage) for the Chi-square test or Fisher’s exact 
test, and the median (interquartile range) for the Mann-Whitney U test. As expected, certain classic clinical and 
pathological variables were found to be associated with the risk of developing metastasis in the present cohort8, 
including age at diagnosis, tumor diameter, and LVI.

Analysis of lymph nodes status revealed a significantly higher percentage of micrometastasis and macrome-
tastasis in patients with recurrence compared to those without recurrence. This association remained significant 
when considering the number of affected lymph nodes. A similar trend was observed in sentinel lymph nodes 
status, where micrometastasis and macrometastasis were more prevalent in the recurrence group. However, no 
significant differences were found in lymph nodes containing isolated tumor cells, classified as negative lymph 
nodes39. These findings align with established knowledge that lymph node metastasis is associated with a higher 
risk of recurrence in BC patients during follow-up5,40.

Regarding patient follow-up, we confirmed that all patients without recurrence show no evidence of local 
or distant metastases, whereas patients with recurrence do, with most of them having metastases only in dis-
tant organs and a smaller percentage presenting with both local and distant metastases. Among patients with 
recurrence, 90.9% died, with cancer being the cause of death in 77.3% of cases. In contrast, among the patients 
without recurrence who died, none died from cancer. As expected, the median disease-free survival (DFS) was 
significantly shorter in the recurrence group compared to the non-recurrence group, as was overall survival 
(OS).

Pathologists qualitatively verified the quality of his-
topathological slides after the sectioning, processing, and staining phases. They confirmed the absence of artifacts 
in the ROIs of the WSIs, ensuring that these were not introduced during the tissue preparation or digitization 
phases. Pathologists did not detect the presence of folds, broken tissues, tears, bubbles, scalpel marks, or bad 
staining on the ROIs due to the tissue preparation phase. Furthermore, they verified the quality of the digitized 
histopathological slides making sure there were no issues on the WSIs due to the scanning phase. They confirmed 
the absence of scanning artifacts like focus issues or white reference problems. The annotations on the WSIs (IDC, 
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healthy, and DCIS) were initially made by one pathologist, with the annotation process then subjected to valida-
tion by a second pathologist through a pairwise review. This validation phase played a crucial role in minimizing 
the inter-observability issue, ensuring consistency and reliability in the annotations. An example of the validated 
annotations is shown in Fig. 4.

A technical validation was performed to ensure the quality of the HistologyHSI-BC 
Recurrence Database. The HS microscope employed in this study has been thoroughly characterized in previous 
works41, confirming its strong performance for spectral resolution-intensive applications. The system demon-
strates a dynamic range of 65.3 ± 0.1 dB in transmittance mode, with a constant dark current of 20 digital num-
bers, which contributes to a reliable HS image capture. It is capable of capturing 826 spectral bands, providing 
detailed spectral information and accurately reflecting the spectral properties of the materials under analysis. 
This is evidenced by a spectral correlation measure of 0.88 ± 0.01 when capturing the WCT-2065 transmittance 
wavelength calibration standard (Avian Technologies, New London, USA) with a known spectral signature in 
transmittance mode. The system offers a spatial resolution of 0.739 ± 0.001 μm/pixel, along with a modulation 
transfer function (MTF) of 370 ± 10 line pairs/mm, ensuring sufficient detail for microscopic imaging. Spatial 
scanning accuracy is indicated by an eccentricity of 0.04 ± 0.04, and spatial repeatability is shown to have a rela-
tive difference of 14 ± 8% across consecutive captures. All values were measured at 10× magnification, the same 
magnification used for the HS image capturing process in this work.

The characterization parameters obtained from the HS microscopic system demonstrate its capability to pro-
vide reliable and accurate HS data. The HS images captured from the 47 patients studied underwent a calibra-
tion. Afterwards, the database was evaluated to ensure the quality of the captured data. All HS images from each 
patient and tissue class (IDC, healthy and DCIS) were averaged for visualization purposes. Figure 5 groups the 
spectral signatures of patients with and without recurrence after 12 years. Interestingly, in the biopsies, patients 
without recurrence showed a greater similarity between healthy and DCIS tissues, while these tissue types were 
more distinctly separated in patients with recurrence. This finding raises the possibility that the closer resem-
blance of DCIS to healthy tissue could serve as an indicator of non-recurrence.

Fig. 2 Elements and outputs to capture an HS image. (a) Annotated WSI (IDC outlined in blue, healthy tissue 
in green, and DCIS in red) captured with the WSI scanner. (b) HS microscopic system used to acquire an HS 
image and its corresponding high spatial resolution RGB image of a selected ROI. (c) Zoom-in of one of the 
selected ROIs outlined by yellow rectangles in a). (d) Synthetic RGB image generated from the captured HS 
image. (e) High spatial resolution RGB image captured using the 20 MP RGB camera of the HS microscopic 
system.
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Usage Notes
The authors recommend downloading and installing the QuPath soft-

ware35 to visualize the WSIs (MRXS format) and their related annotations (GeoJSON format) (Fig. 2a). Further 
image analysis can be performed using Python scripts (see sections Recommended histopathology WSI pro-
cessing and Code availability). There are two ways to open a WSI in QuPath: drag and drop the MRXS file into 
QuPath or go on “File/Open” and select and open the MRXS file. There is also a tab on the left side of QuPath’s 
user interface called “Image”, in which it is possible to visualize the metadata of the histopathological image, such 
as width, height, magnification, and resolution. After opening the WSI on QuPath, the two available GeoJSON 
files containing annotations on the WSI should be imported. One includes the annotations related to the tissue 
compartments (IDC in red, healthy in green, and DCIS in blue). In contrast, the other defines the ROIs used for 
capturing the HS images, represented as yellow rectangles. These two files can be opened by dragging and drop-
ping them into QuPath or clicking “File/Import objects from file” and selecting the GeoJSON files. The data from 
the GeoJSON files is visible by clicking on the tab “Annotations”. If the annotation classes are not shown after 
clicking the “Annotations” tab, click on the button with the three vertical dots on the bottom right of the tab panel, 

(a)

(b)

01_01_Histological_Images

00_01_Clinical_Demographic_data.xlsx

01_02_Tissue_Annotations

01_03_HS_ROI_Annotations

02_01_HS_Images

15

304

P

Data0000.dat

Data0001.dat

…

Index.dat

Slidedat.ini

15.mrxs

…

304. mrxs

15.geojson

…

{P}.geojson

…

304.geojson

15.geojson

…

{P}.geojson

…

304.geojson

01_IDC

02_Healthy

03_DCIS

HSI_VNIR_{P}_IDC_x10_C{CN}

HSI_VNIR_{P}_Healthy_x10_C{CN}

HSI_VNIR_{P}_DCIS_x10_C{CN}

raw.hdr

whiteReference .hdr

darkReference .hdr

calibrated .hdr

raw.dat

whiteReference .dat

darkReference .dat

calibrated .dat

RGBImage.png

SyntheticRGBImage.png

HSI_VNIR_{P}_{TT}_x10_C{CN}

Fig. 3 Graphical representation of (a) the HistologyHSI-BC Recurrence Database structure and (b) the 
contents of each HS image capture.
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then select “Populate from existing objects/All classes (including sub-classes)” and the class types along with the 
number of annotations for each will appear.

This section provides guidelines for working with 
WSIs (MRXS format), for which the use of Python scripts is recommended (see the Code availability section for 
more details). Due to their high resolution, efficient processing techniques are necessary to optimize performance 
and memory usage. Processing high-resolution images can be time-consuming and memory intensive. The 

Patient ID
Tissue Annotations Area [mm2] HS image ROI Annotations [Number of captures]

Recurrence LabelIDC Healthy DCIS IDC Healthy DCIS
15 40.94 2.92 64.24 10 0 0 0
19 94.89 24.00 0.00 10 5 0 1
20 169.27 58.36 0.28 10 5 0 1
25 135.97 139.29 17.62 10 5 5 0
38 210.59 7.71 0.23 10 5 0 1
40 72.19 20.77 0.00 10 5 0 1
43 57.46 22.70 0.00 10 5 0 0
45 71.77 80.06 6.70 10 5 5 0
47 10.40 137.41 0.00 10 5 0 0
51 163.12 2.79 2.34 10 5 0 0
52 96.22 3.50 0.00 10 3 0 0
57 23.26 31.54 0.00 10 5 0 0
62 4.40 66.22 0.00 8 5 0 0
65 104.57 15.22 0.00 10 5 0 0
68 21.41 75.70 0.00 10 5 0 0
70 55.12 45.12 0.00 10 5 0 0
80 4.84 37.06 0.00 7 5 0 0
82 109.32 11.99 0.31 10 5 0 0
84 88.06 13.20 7.50 10 5 0 1
85 119.25 5.21 20.59 10 5 5 0
90 179.57 29.70 0.00 10 5 0 0
100 68.16 3.21 0.06 9 4 0 1
107 8.43 192.86 7.70 10 5 5 0
112 14.84 1.68 0.00 10 0 0 0
124 26.84 0.36 0.00 10 0 0 0
136 190.00 25.98 28.52 9 4 5 0
138 32.58 90.49 11.91 10 5 0 0
139 43.23 72.05 0.00 10 5 0 0
141 168.53 7.96 5.27 10 5 0 1
146 24.16 3.47 0.32 10 0 0 0
151 3.98 3.78 1.10 4 0 0 0
152 82.41 42.77 19.22 10 5 5 1
153 7.06 77.57 0.88 8 5 0 0
154 51.74 0.00 0.00 10 0 0 1
162 67.66 16.19 1.72 10 5 0 1
189 247.15 0.02 0.00 10 0 0 1
197 212.83 57.60 4.90 10 5 5 1
205 321.29 35.69 0.14 10 5 0 1
211 161.00 0.10 0.09 10 0 0 1
213 451.91 7.64 0.00 10 5 0 1
229 281.13 3.09 2.02 10 3 0 1
238 149.90 0.00 0.00 9 0 0 1
255 164.85 35.81 0.50 10 5 0 1
259 92.43 42.47 2.35 10 5 0 1
269 59.97 6.65 0.00 10 5 0 1
270 30.11 111.68 0.00 10 5 0 1
304 155.02 24.54 0.00 10 5 0 1

Table 3. Summary of histological area coverage and capture counts by tissue type per image.
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Attribute Format Recurrence Non-Recurrence p

Demographic Data

Sex 1: Female 22 (100.0) 25 (100.0) —
Race 1: White 22 (100.0) 25 (100.0) —
Ethnicity 1: Hispanic 22 (100.0) 25 (100.0) —

Menopausal status 0: Premenopause
1: Postmenopause

3 (13.6)
19 (86.4)

3 (12.0)
22 (88.0) 1.000*

Diagnosis
Dx surgery 0: Mastectomy

1: Lumpectomy
7 (31.8)
15 (68.2)

2 (8.0)
23 (92.0) 0.063*

Dx age Years 73.0 [22.0] 57.0 [14.0] 0.017‡

Tumor Data

Tumor diameter Millimeters 26.5 [13.8] 15.0 [13.0] <0.001‡

Tumor histologic grade
1: Grade 1
2: Grade 2
3: Grade 3

1 (4.5)
11 (50.0)
10 (45.5)

4 (16.0)
14 (56.0)
7 (28.0)

0.285*

LVI 0: Negative
1: Positive

8 (36.4)
14 (63.6)

18 (72.0)
7 (28.0) 0.031*

PNI 0: Negative
1: Positive

15 (68.2)
7 (31.8)

21 (84.0)
4 (16.0) 0.351*

Tumor Stage

T (tumor)
1: T1
2: T2
3: T3
4: T4

5 (22.7)
14 (63.6)
2 (9.1)
1 (4.5)

17 (68.0)
8 (32.0)
0 (0.0)
0 (0.0)

0.012*

N (node)
0: N0
1: N1
2: N2
3: N3

8 (36.4)
7 (31.8)
5 (22.7)
2 (9.1)

25 (100.0)
0 (0.0)
0 (0.0)
0 (0.0)

<0.001*

M (metastasis) 0: M0 22 (100.0) 25 (100.0) —

Tumor Molecular Markers

ER 0: Negative
1: Positive

4 (18.2)
18 (81.8)

5 (20.0)
20 (80.0) 1.000*

PR 0: Negative
1: Positive

6 (27.3)
16 (72.7)

9 (36.0)
16 (64.0) 0.744*

HER2 0: Negative
1: Positive

15 (68.2)
7 (31.8)

22 (88.0)
3 (12.0) 0.154*

KI67 0: KI67 index < 20%
1: KI67 index ≥ 20%

4 (18.2)
18 (81.8)

10 (40.0)
15 (60.0) 0.189*

Molecular subtype

0: Luminal A
1: Luminal B HER2− 
2: Luminal B HER2+
3: HER2+
4: Triple negative

4 (18.2)
10 (45.5)
4 (18.2)
3 (13.6)
1 (4.5)

6 (24.0)
13 (52.0)
2 (8.0)
1 (4.0)
3 (12.0)

0.512*

LNs Status

LN status
0: Negative
1: ITC
2: Micrometastasis
3: Macrometastasis

6 (27.3)
2 (9.1)
3 (13.6)
11 (50.0)

22 (88.0)
3 (12.0)
0 (0.0)
0 (0.0)

<0.001*

LN ITC number Number of LNs with ITC 0.0 [0.0] 0.0 [0.0] 0.720‡

LN MICRO number Number of LNs with micrometastasis 0.0 [0.0] 0.0 [0.0] 0.027‡

LN MACRO number Number of LNs with macrometastasis 0.5 [7.0] 0.0 [0.0] <0.001‡

LN number Total number of LNs removed during SLN biopsy and/or LN 
dissection 13.0 [15.0] 2.0 [2.0] 0.001‡

SLN number Number of LNs removed during SLN biopsy 0.5 [2.0] 2.0 [2.0] <0.001‡

SLN status
0: Negative
1: ITC
2: Micrometastasis
3: Macrometastasis

4 (36.4)
2 (18.2)
2 (18.2)
3 (27.3)

22 (88.0)
3 (12.0)
0 (0.0)
0 (0.0)

0.002*

Tumor Treatment

Tx hormonal 0: Not received
1: Received

5 (22.7)
17 (77.3)

4 (16.0)
21 (84.0) 0.715*

Tx CT 0: Not received
1: Received

11 (50.0)
11 (50.0)

14 (56.0)
11 (44.0) 0.906*

Tx trastuzumab 0: Not received
1: Received

19 (86.4)
3 (13.6)

23 (92.0)
2 (8.0) 0.654*

Tx RT 0: Not received
1: Received

3 (13.6)
19 (86.4)

3 (12.0)
22 (88.0) 1.000*

Follow-up

Metastasis type
0: No evidence of local or distant metastases
1: Metastasized on nearby tissues or LNs
2: Metastasized in distant organs from primary site
3: Both local and distant metastases are present

0 (0.0)
0 (0.0)
20 (90.9)
2 (9.1)

25 (100.0)
0 (0.0)
0 (0.0)
0 (0.0)

<0.001*

DFS Months 39.0 [48.0] 150.0 [28.0] <0.001‡

Vital status 0: Alive
1: Deceased

2 (9.1)
20 (90.9)

21 (84.0)
4 (16.0) <0.001*

Death cause 0: Other causes / Still alive
1: Cancer

5 (22.7)
17 (77.3)

25 (100.0)
0 (0.0) <0.001*

OS Months 66.5 [85.0] 150.0 [28.0] <0.001‡
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highest available resolution of the selected slide image is approximately 85,000 × 202,000 pixels, making it signif-
icantly large. To optimize performance, a lower resolution (approximately 670 × 1,600) level should be selected 
for visualization. It is also important to downscale the annotations to match the selected lower resolution level.

After HS data capture, the calibration of HS images is a mandatory step; 
however, additional processing may be performed depending on the specific application of the data.

Given the strong correlation between adjacent spectral bands, spectral dimensionality reduction can be ben-
eficial in reducing intrinsic Gaussian noise and computational costs. This can be accomplished by averaging 
adjacent spectral bands to create a spectrally reduced HS image. For example, the data could be reduced from 
the original 826 bands to 275 using a spectral window that includes three neighboring bands.
Normalization is also recommended when partial absorbance is less critical, but the specific absorption wave-
lengths are significant. This normalization can be performed to scale the data between 0 and 1 or to have a 
mean of 0 and a standard deviation of 1.
For HS analysis of the samples, it is advised to remove the sample background by identifying areas with no 
absorbance, typically represented by the white background.
The classification of the data can be based on recurrence status and/or tissue type (IDC, healthy, or DCIS). 
When using ML or DL, it is crucial to ensure that data from the same patient do not appear simultaneously in 
the training, testing, or validation sets.

All these processing steps can be implemented using Python (see the Code availability section for further 
details).

Integrating 
the diverse databases within the Histology HSI-BC Recurrence Database can enhance the prediction of distant 
recurrence in BC by leveraging complementary information from multiple modalities. Histopathological WSIs 
provide morphological insights assessed by pathologists, HS images capture biochemical variations that may 
indicate early tumor progression, and clinical and demographic data offer critical patient-specific factors. By inte-
grating these databases, researchers can develop more robust predictive models that go beyond traditional his-
tological or clinical assessments, improving risk stratification and supporting personalized treatment decisions.

Researchers can employ various data fusion strategies to achieve this integration. Early fusion involves com-
bining raw or preprocessed features from each modality before model training, allowing the model to learn 
directly from the integrated data42. Intermediate fusion entails extracting high-level features from each database 
separately and then merging them into a joint representation, capturing modality-specific patterns prior to inte-
gration43. Late fusion consists of training independent models for each modality and subsequently combining 
their outputs to improve overall prediction accuracy19. Implementing these fusion techniques requires meticu-
lous preprocessing to ensure compatibility and maximize the value of each database. By effectively integrating 
these multimodal databases, researchers can uncover subtle patterns associated with BC recurrence, advancing 
precision oncology and personalized patient care.

Data availability
The HistologyHSI-BC Recurrence Database is publicly available on the TCIA repository at https://doi.
org/10.7937/6KPY-YT49.

Table 4. Differences in the clinical and demographic variables in recurrence vs. non-recurrence groups. Data 
are expressed as absolute frequency (percentage) for qualitative variables, compared using the Chi-square 
test or Fisher’s exact text*, and as median [interquartile range] for quantitative variables, analyzed using the 
Mann-Whitney U test‡. CT, chemotherapy; DFS, disease-free survival; Dx, diagnosis; ER, estrogen receptors; 
HER2, human epidermal growth factor receptor 2; ITC, isolated tumor cells; KI67, proliferation index; LN, 
lymph node; LVI, lymphovascular invasion; MACRO, macrometastasis; MICRO, micrometastasis; OS, overall 
survival; PNI, perineural invasion; PR, progesterone receptors; RT, radiotherapy; SLN, sentinel lymph node; Tx, 
treatment.

Fig. 4 Examples of (a) IDC, (b) healthy, and (c) DCIS tissue types on a WSI at 2x magnification.
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Code availability
The Python scripts developed for this study, along with the required Python toolboxes and libraries, are 
available in the publicly accessible repository at https://github.com/HIRIS-Lab/HistologyHSI-BC-Recurrence. 
The repository includes a main script providing a basic example of how to load and perform preliminary 
preprocessing of hyperspectral data in ENVI format using Python, for which the spectral library is required. 
In addition, the repository contains a tutorial demonstrating how to manipulate WSI in MRXS format and 
annotation in GeoJSON format in Python. The script overlays tissue compartments (IDC, healthy, and DCIS) 
onto slide images using their corresponding colors: blue, green, and red. Working with WSIs in Python requires 
the installation of the OpenSlide library. In addition, the JSON library is used for loading annotations, and the PIL 
library is employed to prepare and save slide images.
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Chapter 6. Conclusions & 

Future Lines 

HS microscopy holds great promise for digital pathology, offering 

label-free, reproducible, and information-rich imaging with the 

potential to improve tissue characterization and enable the 

integration of additional information into ML/DL workflows. 

However, its clinical implementation is still hindered by several 

challenges that must be addressed to ensure robust, repeatable, and 

diagnostically reliable outcomes. This Ph.D. thesis aimed to address 

key challenges in the deployment of HSI at the microscopic scale for 

medical histology by tackling four major aspects: (1) the design and 

characterization of HSI microscopic systems, (2) the development 

and validation of image quality and focus assessment methods, (3) 

the optimization of sample preparation, specifically tissue thickness, 

to improve spectral contrast of HSI data and (4) the generation of 

standard, public available HS microscopic databases to support 

reproducible algorithm development and accelerate clinical 

translation of HS microscopy. 

This final chapter presents a synthesis of the key findings 

obtained throughout the research and offers a critical reflection on 

their implications. The chapter is structured according to the three 

main thematic areas explored, followed by a section discussing the 

broader contributions of the Ph.D. thesis, its limitations, and 

suggested future directions. 

6.1 Summary of Main Findings 

Characterization and Design of HSI Microscopic Systems 

The objective O1 of this Ph.D. thesis was to establish a 

standardized methodology for the characterization and performance 
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evaluation of HSI microscopic systems, which remains a critical yet 

underexplored area in the literature. To this end, Chapter 2 

presented a comprehensive and sequential roadmap for system 

design and calibration, rooted in fundamental imaging science and 

adapted to the constraints of HS microscopy. 

Key aspects addressed include assessing dynamic range, exposure 

time optimization, dark current evaluation, spatial resolution 

characterization (including Nyquist frequency analysis), scanning 

alignment, spatial repeatability, flat-field correction, tone transfer, 

and spectral sensitivity. Special attention was given to parameters 

often overlooked in biomedical imaging studies, such as spatial 

repeatability under low SNR conditions and the influence of 

wavelength-dependent spatial frequency response. 

One of the novel contributions in Chapter 2 was the emphasis on 

wavelength-dependent resolution, informed by Rayleigh’s criterion 

and verified empirically. This highlighted that shorter wavelengths 

provide inherently better spatial resolution, a fact that must be 

considered in the design and usage of HSI systems for resolving fine 

structures like cellular components. This finding laid the 

groundwork for Chapter 3, where focus and resolution variability 

across wavelengths drive the choice of blur metrics. Additionally, 

Chapter 2 presented practical guidelines for alignment verification 

using circular targets and eccentricity measures, helping to prevent 

distortions caused by misalignment in spatial scanning systems. 

These guidelines were not only instrumental during the initial 

system characterization but also became essential tools in ensuring 

data integrity in subsequent experiments (Chapters 3–5). 

A round-robin validation study was performed involving HSI 

microscopic systems of two different institutions (UPM and 

ULPGC), thereby testing the robustness and generalizability of the 

proposed roadmap. The resulting evidence demonstrates the 

reproducibility of the methodology and supports its integration into 

a broader standardization effort. This is particularly relevant 

considering the current lack of a formal protocol for validating and 

comparing HSI microscopic devices. Following the example set by 

the 'Standard for Characterization and Calibration of Ultraviolet 

through Shortwave Infrared (250 nm to 2500 nm) Hyperspectral 

Imaging Devices' [102], this work may serve as a foundational 
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reference for the future development of a dedicated standard 

specifically tailored to HS microscopy systems. 

In summary, the work presented in Chapter 2 provides a 

systematic and empirically validated reference for the biomedical 

HSI community, facilitating better interoperability between devices, 

improving result reproducibility, and supporting the integration of 

HSI into clinical workflows. 

Focus Assessment on HS Microscopy 

This Ph.D. thesis investigated another critical yet often 

overlooked aspect of HS microscopy: image quality, specifically 

regarding focus. Histological samples often exhibit surface 

irregularities due to the inherent softness of the tissue and the 

difficulty of achieving uniform thickness when sectioning at the 

micrometer scale. These irregularities cause the sample surface to lie 

at varying distances from the objective lens across the FOV. When 

combined with the shallow depth of field typical high-magnification 

optics, maintaining consistent focus across the entire image becomes 

especially challenging. Additionally, the thickness of the tissue can 

result in multiple focal planes coexisting within a single point of the 

sample. Additionally, as established in Chapter 2, spatial resolution 

is highly dependent on wavelength, meaning that the optimal focus 

position can also shift across the spectral range. These factors 

together make precise focusing a complex yet critical aspect of HS 

microscopy.  

The study presented in Chapter 3 began with a detailed review of 

existing IQA algorithms, especially those that operate with no-

reference (NR-IQA). These include methods, originally developed 

for RGB imaging, were subsequently extended to HS data. To 

facilitate algorithm evaluation, a benchmark dataset, HIDFA, was 

generated. It comprises 1,375 HS cubes acquired at 11 distinct 

working distances ranging from –0.5 mm to 0.5 mm in 0.1 mm 

increments, with the focused image corresponding to 0 mm. Each 

cube is paired with subjective quality ratings collected from 24 

human participants using a Swiss tournament-style evaluation 

method. This allowed for the extraction of Mean Opinion Scores 

(MOS), forming a strong ground truth against which to assess 

algorithmic performance. 
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Objective methods were divided into learning-free and learning-

based categories. Among the learning-free methods, transform-free 

techniques included edge-based (CPBD, EMBM, and PSI) and edge-

free (ARISM and MLV) algorithms. Transform-based methods were 

further categorized into wavelet-based (FISHbb, LPC) and Fourier-

like (BIBLE, S3) approaches. The only learning-based method tested 

was SPARISH, which represents a shallow learning, feature-based 

approach. These methods were applied to both synthetic (RGB-like) 

and monochromatic (mean of all bands) images derived from HS 

cubes, to assess their effectiveness in blur estimation. Results 

showed that MLV, FISHbb, LPC, and S3 yielded strong correlations 

with the MOS scores (with SRCC > 0.85 and RMSE < 1.8).  

Subsequently, band-wise performance was evaluated using 

monochromatic images of each band, and algorithms were grouped 

into two main clusters: G1 (i.e., MLV, FISHbb, LPC) which yielded 

uniform scores across bands, and G2 (i.e., CPBD, EMBM, PSI, 

SPARISH) which showed spectral variability in their scores. Since G1 

methods produced consistent blur scores across all spectral bands, 

they were initially considered more suitable for systems with a fixed 

working distance across the spectrum. However, further analysis of 

blur score behavior across four sample types (i.e., blood smears, 

leaves, rat histology, and stems) revealed that G1 methods more 

effectively maintained consistent focus scores across the spectral 

range. For example, while blood smears exhibit limited information 

in the green region and richer content in the red, G1 algorithms 

consistently reflected similar focus scores. This finding supports the 

selection of G1 algorithms for HS microscopy quality control, 

particularly because the entire HS cube is captured at a fixed working 

distance. Guidelines presented in Chapter 3 contributed to 

improving diagnostic reliability by ensuring that only high-quality, 

well-focused data are passed on to following analysis stages, either 

by guiding focus adjustment prior to HS image acquisition or by 

filtering out suboptimal HS data afterwards. 

HS Microscopy Data Processing 

Shifting focus from hardware and acquisition improvements to 

data refinement, Chapter 3  also explored how classical image 

processing techniques can enhance the quality and consistency of HS 

microscopic images, making them more robust for downstream ML 



              Conclusions & Future Lines 

157 
 

and DL classification tasks. Recognizing the lack of standardized 

processing pipelines in medical HS imaging, Chapter 3 proposed a 

generic, system-independent approach to HS data optimization. By 

incorporating a wavelength reflectance standard, the method 

enabled consistent evaluation of processing techniques across 

different HSI systems (i.e., VNIR colposcopic, VNIR microscopic, 

neurosurgical VNIR and NIR imaging systems) without being tied to 

a specific dataset or clinical application. The focus was on improving 

spectral data quality by systematically assessing and comparing 

noise-reduction and artifact-mitigation methods, including 

smoothing, normalization, and spectral derivative algorithms. A 

review of state-of-the-art techniques guided the selection of 

candidate algorithms, whose performance was quantitatively 

evaluated using the RMSE relative to the manufacturer-provided 

reference spectrum. Execution time was also measured to assess 

each method’s feasibility for real-time or near-real-time HS 

applications. 

Results showed that optimal processing varied across systems 

due to differences in spectral resolution and sampling of each HS 

sensor. For smoothing, GAUSSIAN, MOVMEDIAN and LOESS were 

the best performing algorithms. The SNV normalization method 

consistently yielded the best results across all systems, as it 

effectively corrected for scale and offset variations in the data. 

Combining smoothing and normalization improved spectral fidelity 

further, though results depended on the choice of smoothing window 

size, which was not optimized in this study. The evaluation of 

spectral derivatives revealed that first derivatives outperformed 

second derivatives in terms of RMSE, but both methods amplified 

noise and did not improve overall performance compared to 

smoothing and normalization alone. This underscores the 

importance of careful noise management, previously emphasized 

Chapter 2, when applying derivative-based processing in medical 

HSI. 

Execution times for most algorithms were within 10⁻² to 10⁻³ 

seconds, suggesting practical feasibility for many applications. 

However, more computationally intensive methods like RLOWESS 

and RLOESS had significantly longer runtimes (~40 s), limiting 

their suitability for time-sensitive environments. These findings 
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point to future work on hardware acceleration using GPUs or FPGAs 

to enable real-time processing even with slower algorithms. 

Overall, Chapter 3 introduced a reproducible, system-

independent framework for evaluating spectral processing in 

medical HSI. By shifting focus from application-specific datasets to 

a standardized reference, it enables consistent benchmarking across 

systems and offers actionable insights for developing more efficient, 

high-quality processing pipelines. This work lays the foundation for 

future integration of optimized processing into real-time HSI 

workflows for clinical diagnostics. 

Influence of Tissue Thickness on HS Microscopy Data 

Continuing in the path of standardization and quality 

improvement of HS microscopic systems, Chapter 4 explored the 

impact of tissue thickness on HS data, an often neglected or poorly 

reported parameter in the field. WSI relies on thin tissue slices (2–

10 μm , to ensure light transmission, and enhances contrast through 

staining. However, HS microscopy could benefit from capturing the 

interaction of light with tissue intrinsic chromophores, generating 

unique high contrast spectral signatures. This shift necessitates 

rethinking conventional sample preparation protocols. A review of 

existing MS/HS microscopy literature revealed a pervasive lack of 

transparency regarding tissue thickness: 60% of the reviewed 

studies failed to report thickness, and the remainder mostly all of 

them followed conventional histological ranges (2–10 μm .  

To address this gap, this Ph.D. thesis proposed a Monte Carlo 

(MC) light transport simulation framework designed to model the 

interaction of light with tissue samples of varying thicknesses, 

ranging from 5 μm to 2    μm. The framework incorporated tissue-

specific optical parameters, such as absorption, scattering, and 

refractive index, sourced from peer-reviewed literature, and covered 

four organs (breast, lung, liver, and colorectal) in both healthy and 

lesioned states. To better approximate experimental conditions and 

reflect the spectral variations discussed in Chapter 2 and Chapter 3, 

the simulated data were further enhanced through data 

augmentation techniques. These included modeling SNR 

degradation, illumination instability, and calibration errors to mimic 

common sources of variability in real-world HSI. 
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The simulated spectral signatures showed that thin samples (~5 

μm  produced uniform transmission spectrum with minimal 

spectral contrast, confirming that the dominating contrast in 

standard histology arises from staining. Conversely, samples thicker 

than      μm e hibited severe light attenuation, rendering them 

suboptimal for HS data capture. Samples with intermediate 

thicknesses (e.g., 200–    μm  offered a trade-off between signal 

intensity and spectral discrimination power. To validate the 

findings, spectral similarity metrics (i.e., Euclidean distance, SAM, 

NS3, SID and, SIDSAM) were used to quantitatively compare the HS 

signatures of healthy and lesioned tissues. For each tissue type (i.e., 

breast, lung, colorectal and liver tissue), these metrics helped 

identify the thickness at which the contrast between healthy and 

lesion spectra was most pronounced. Although the spectral metrics 

produced largely consistent results, slight differences were observed. 

To resolve these discrepancies, a majority voting strategy was 

applied to determine the optimal thickness for each tissue. Based on 

this strategy, the best-performing thicknesses were: 1000 μm for 

breast tissue, 200 and 500 μm for lung and colorectal tissue, and 

500 μm for liver tissue. 

Summarizing, the results highlight that adhering strictly to 

traditional histological thicknesses may limit the diagnostic 

potential of HS microscopy. This work suggests revisiting 

histological protocols when HS is used, advocating for customized 

sample thickness selection based on the specific diagnostic goal, 

tissue type, and system capabilities. The MC framework introduced 

here can be adapted to other tissue types and imaging setups to help 

in this process. 

Generating Benchmark HS Microscopy Databases 

Chapter 5 focused on the development of benchmark HS 

microscopy datasets to support reproducible and clinically relevant 

research. Two comprehensive databases were developed, each 

addressing distinct clinical challenges and capturing real-world 

variability in tissue preparation and imaging conditions. 

The first database, HistologyHSI-GB, offered a robust collection 

of glioblastoma HS images with expert annotations, supporting 

algorithm development in neuroncology. The second, HistologyHSI-
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BC Recurrence, integrated multimodal HSI, histopathological, and 

clinical data to enable the study of breast cancer recurrence 

prediction. These datasets directly addressed the critical shortage of 

publicly available, well-annotated HS microscopic data, which had 

been identified as a major barrier to the objective evaluation and 

benchmarking of advanced image analysis methods. 

By providing standardized and diverse examples of tissue 

morphology and spectral content, these databases facilitate 

reproducible assessments of classification, spectral unmixing, and 

biomarker discovery algorithms across various HS imaging systems 

and clinical use cases. Furthermore, they serve as essential resources 

not only for computational researchers but also for pathologists and 

clinicians assessing the clinical utility of HS imaging to improve 

diagnostic precision and support treatment decision-making. 

Summarizing, Chapter 5 underscored the pivotal role of curated, 

accessible HS microscopy datasets in bridging the gap between 

technological development and clinical application.  

6.2 Other Contributions to HSI 

Beyond the contributions carried out in line with this thesis, other 

contributions were also made to improve the development of HS 

microscopic systems. In a work (C6) titled “In the use of artificial 

intelligence and hyperspectral imaging in digital pathology 

for breast cancer cell identification” (SPIE Medical Imaging 

2022  held in San Diego), ML and DL algorithms were employed for 

breast tissue cells classification.  Twelve breast cancer histology 

samples were digitized using whole-slide RGB imaging, annotated at 

the cellular level by pathologists, and then acquired with a HS 

microscopy system in the 400–1000 nm range at 20× magnification. 

The HS data was aligned with RGB scans, enabling precise transfer 

of annotations to extract individual cells for analysis. Two 

classification tasks were performed: distinguishing tumor cells from 

fibroblasts, and from lymphocytes. For tumor vs. fibroblast 

classification, the CNN achieved the highest sensitivity (96%) and 

AUC (0.91), while kNN provided the best balance between sensitivity 

and specificity (64%/52%). For tumor vs. lymphocyte classification, 

kNN again performed best in terms of balance (58.47%/ 58.86%), 
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with an F1-score of 74.12%. The SVM also yielded competitive results 

with an F1-score of 70.38%. These results demonstrate that 

combining HSI with ML/DL enables automated, accurate 

identification of cancerous cells, supporting faster and more efficient 

diagnosis in pathology. A similar work was carried out in the 

conference paper (C8  titled “YOLOX-based framework for 

nuclei detection on whole-slide histopathological RGB and 

hyperspectral images”, presented in the same conference the 

next year (SPIE Medical Imaging 2023 held in San Diego, USA). 

Building on the same dataset as previous work, this study introduces 

a novel framework for tumor cell detection in WSI using both RGB 

and HS imaging, with a focus on reducing annotation effort through 

training on partially labeled data. The proposed method achieved an 

F1-score of 66.2% on RGB images, closely matching the 68.7% 

obtained in fully labeled mitosis datasets [103], while maintaining 

consistent performance across entire tissue slides. When using PCA-

reduced 3-band HS images, the framework achieved a 6.3% 

improvement in precision compared to synthetic RGB derived from 

HS cubes, indicating that even simplified HS data can enhance the 

performance of DL models in cancer detection tasks. 

Further collaborative efforts supported the development of HSI-

based systems in biomedical contexts. The knowledge obtain 

through the design and characterization of a HS microscopic system 

was later employed in a journal article (J7  titled “Feasibility 

study of hyperspectral colposcopy as a novel tool for 

detecting precancerous cervical lesions” published in 

Scientific Reports. This study introduced a custom HS colposcope 

designed to improve the precision of cervical lesion diagnosis, a 

critical global health challenge, particularly among younger women, 

where traditional methods often suffer from limited sensitivity, 

specificity, and operator dependence. The characterization of the 

acquisition system encompassed key parameters such as FOV, 

spatial frequency response, barrel distortion, spectral resolution, 

DOF, and optimal acquisition time. The comprehensive evaluation 

of both spectral and spatial characteristics offers valuable insights 

into the system’s performance and limitations, highlighting its 

promising potential for advancing cervical cancer detection. 
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In the context of unmixing algorithms for HS microscopic data, 

collaborative efforts were presented in the  Optica Latin America 

Optics and Photonics Conference 2024 held in Puerto Vallarta, 

México  under the title (C9) “Semi-Supervised Hyperspectral 

Unmixing: Integration of Fixed and Variable End-

members”. This study introduced the  SSEAE (Extended Semi-

Supervised Endmember and Abundance Extraction) methodology 

for spectral unmixing in cases where some spectral signatures are 

known in advance, while others must be estimated. Applied to 

histological VNIR images with known dye spectra (i.e., hematoxylin 

and eosin) but unknown biological components, the method shows 

potential for future use as a feature extraction step in HS image 

classification. And extension of this work was published in the 

journal IEEE Access (J8) under the title “Robust and Unified 

Semi-Supervised Unmixing of Hyperspectral Imaging for 

Linear and Multilinear Models”. This paper introduced the 

ESSEAE and NESSEAE (Non-linear Extended Semi-Supervised 

Endmember and Abundance Extraction) methodologies as semi-

supervised spectral unmixing approaches tailored for linear and 

multilinear mixing models, respectively, with applications in 

biomedical imaging and remote sensing. By incorporating partial 

prior knowledge of endmembers and addressing noise through a 

CCDO (Cyclic Coordinate Descent Optimization) based framework, 

these methods offer a flexible alternative to fully supervised or 

unsupervised techniques. Validation across synthetic and real-world 

datasets, including HS histological images, demonstrated their 

effectiveness in identifying both known and unknown materials. 

Future work will focus on automated hyperparameter tuning, 

broader biomedical applications, DL-based classification, and 

Python toolbox design encompassing various unmixing strategies. 

6.3 Conclusions 

This Ph.D. thesis makes significant contributions to advancing 

the clinical viability of HS microscopy in digital pathology by 

addressing key technical, methodological, and practical challenges 

in a systematic manner. The work spans four major domains: 
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• Standardization of HS Microscopy System Design and 

Characterization: A robust, empirically validated roadmap for 

the calibration and performance evaluation of HS microscopic 

systems was developed. This includes critical yet often 

neglected parameters like spatial repeatability and 

wavelength-dependent resolution. The introduction of this 

framework supports reproducibility, interoperability across 

devices, and lays the groundwork for future standardization 

efforts in biomedical HSI. 

• Establishment of Objective, Spectrally Aware Focus 

Assessment Techniques: The Ph.D. thesis contributes to the 

evaluation of focus assessment algorithms tailored for HS 

microscopy, using a generated benchmark dataset (HIDFA). 

Findings emphasize the importance of accounting for 

wavelength-dependent spatial resolution and structural 

variability, guiding the selection of more informative, HS-

specific image quality metrics. These insights advance quality 

assurance protocols and help ensure diagnostically reliable 

imaging. 

• Optimization of Tissue Thickness to Maximize Spectral 

Discriminability: A Monte Carlo-based light transport 

framework was implemented to explore the influence of tissue 

thickness on spectral contrast. The work challenges 

conventional histological practices and suggests that optimal 

diagnostic performance requires customized thicknesses 

depending on tissue type and diagnostic goal. This 

contribution encourages a re-evaluation of sample preparation 

protocols for HS imaging. 

• Framework for Standardized Spectral Processing in Medical 

HSI: By exploring system-agnostic processing evaluation 

methodologies, this Ph.D. thesis offers suggestions for 

enhancing spectral fidelity across different HS platforms, 

encouraging the look for consistent processing approaches 

(e.g., SNV normalization, appropriate smoothing filters) and 

encourages the development of real-time capable algorithms 

for clinical deployment. 

• Development of Publicly Available, Clinically Oriented HS 

Microscopic Databases: this Ph.D. thesis presents two 

benchmark databases, HistologyHSI-GB and HistologyHSI-
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BC Recurrence, which capture real-world variability in sample 

preparation and imaging conditions. These resources enable 

reproducible algorithm development in neurooncology and 

breast cancer recurrence prediction, promote collaboration 

between computational and clinical researchers, and lay the 

groundwork for advancing HS imaging toward clinical use. 

As the main conclusion, this Ph.D. thesis explores the practical 

challenges of bringing HS microscopy closer to routine clinical use. 

It covers aspects such as data acquisition, system characterization, 

focus assessment, sample preparation, spectral processing, and the 

creation of public datasets to support its application in pathology. 

The work contributes meaningfully to open science and 

benchmarking by releasing resources such as the HIDFA,  

HistologyHSI-GB and HistologyHSI-BC Recurrence datasets, as 

well as establishing reproducible evaluation frameworks. These 

contributions enable the research community to validate, compare, 

and extend these contributions, supporting the design and 

development of automated diagnosis assistant tool. 

6.4 Limitations and Future Work 

While this Ph.D. thesis lays important groundwork for advancing 

HS microscopy toward clinical applicability, it is important to 

recognize the limitations that shape future research directions. 

These limitations span technical challenges, methodological 

constraints, and translational gaps, each of which informs how this 

work can be built upon to establish HS microscopy as a robust and 

reliable clinical tool. 

One of the major contributions of this Ph.D. thesis is the 

development of a roadmap for evaluating HS microscopic systems. 

This framework provides a foundational step towards 

standardization, yet its impact depends on broader adoption. Future 

efforts must promote the routine reporting of system-level quality 

metrics in published datasets. Doing so will not only enhance 

reproducibility but also facilitate meaningful comparisons across 

different imaging platforms and experimental setups. Moreover, 

expanding the roadmap to include additional parameters, such as 
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polarization sensitivity, illumination geometry, and system-specific 

aberrations, could yield more comprehensive system 

characterization and further improve cross-study consistency. 

Another contribution also identified effective NR-IQA tailored for 

focus assessment in HS microscopy, however, the current work aims 

primarily on static focus quality, leaving opportunities for extension 

into dynamic, multi-plane imaging. A logical next step is to apply 

these algorithms in z-stacking applications, where NR-IQA 

algorithms can help identify the most focused spectral bands and 

regions across depth. Such methods would enable the generation of 

all-in-focus HS cubes, offer clearer and more diagnostically useful 

3D reconstructions, and mitigate the challenges posed by chromatic 

aberrations and limited depth of field. 

Additionally, while the investigation of tissue thickness provided 

valuable insights into how it affects spectral contrast, it also 

presented certain limitations: the use of in vivo optical properties, 

even though histological analysis is performed on ex vivo samples 

that have lose some endogenous chromophores during preparation; 

unaccounted effects of formalin and paraffin fixation; missing 

instrumentation factors like optical power loss and glass slide 

interference; and the use of spatially homogeneous MC models that 

ignore tissue heterogeneity, optical aberrations, and focus 

variations. The methodology developed in this work can be adapted 

and extended to other systems and tissue types by generating more 

sophisticated MC models that simulate complex tissues, such as 

multilayer structures and spatial variations, enabling researchers to 

identify the optimal thickness for their specific applications. Also, 

while informative, MC results require empirical validation. Future 

work should involve acquiring HS microscopy data from real tissue 

samples of varying thicknesses and testing whether optimized 

thickness improves classification accuracy in tasks such as 

distinguishing between tissue types or identifying pathological 

states. Beyond validation, it will be critical to explore how modified 

sectioning protocols, such as preparing slightly thicker unstained 

tissue samples, can be adapted to clinical workflows without causing 

disruption. If proven beneficial, such adjustments could significantly 

enhance diagnostic performance in real-world settings. 
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In terms of HS data processing, smoothing, normalization and 

derivative methods where evaluated, but there remains room for 

refinement. Further optimization of smoothing window sizes is 

necessary to balance noise reduction with the preservation of key 

spectral features. Additionally, future work should investigate more 

sophisticated algorithms to address issues like spectral 

misalignment and calibration drift. Validating these methods across 

a wider range of datasets, and under operational constraints relevant 

to clinical settings, will be essential. Real-time implementation using 

hardware acceleration (e.g., GPUs or FPGAs) could also be explored 

to facilitate seamless integration into clinical imaging workflows. 

Moreover, the acquisition and curation of well-annotated HS 

datasets are inherently time-consuming, resource-intensive and 

multidisciplinary processes. Each imaging session requires 

meticulous preparation, precise calibration, and expert annotation 

to ensure clinical relevance and data quality. Additionally, HS data 

files are typically large due to their high spectral and spatial 

resolution, which demands substantial disk storage capacity and 

poses challenges for data management, sharing, and long-term 

preservation. These practical constraints slow down dataset 

generation and limit the scale at which comprehensive, diverse 

databases can be built, underscoring the need for streamlined 

acquisition protocols, efficient data compression techniques, and 

collaborative frameworks that facilitate data sharing while 

maintaining quality standards. 

Finally, while the potential of HS microscopy as a label-free, high-

content imaging modality is clear, its clinical translation remains a 

long-term objective. Future research must design application-

specific algorithms, mostly ML and DL models, for automatic signal 

processing and diagnosis assessment. These models should be 

trained using curated datasets that reflect real-world variability, 

including the effects of spectral noise, blur, and focus 

inconsistencies. In parallel, capturing HS microscopic data across an 

expanded wavelength range beyond the VNIR spectrum could 

further enhance diagnostic capabilities by enabling the detection of 

a broader array of biomolecules, such as DNA in the UV range and 

water in the IR. Once these algorithms are refined, subsequent 

studies should focus on deploying the proposed methodologies in 
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real-world clinical environments, including diverse patient 

populations and multicenter trials. Ensuring compatibility with 

existing histopathology infrastructure and navigating regulatory 

pathways will be crucial for adoption.  In summary, the work 

presented here represents a significant step forward in the technical 

validation and standardization of HS microscopy. However, 

realizing its full potential in clinical practice will require continued 

interdisciplinary collaboration, iterative validation, and a strong 

emphasis on usability, reproducibility, and translational impact. 

6.5 Impact of the Ph.D. Thesis 

6.5.1 Research publications 

The following acronyms are used to underline the distinct aspects 

of each listed publication: OA: Open Access; OC: Open Code; OD: 

Open Data; NC: National collaboration; IC: International 

collaboration; CA: Corresponding author; IF: Impact Factor; 

FWCI: Field-Weighted Citation Impact; ¥: Equal Contribution. 
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J1. Laura Quintana-Quintana, Gonzalo Rosa, Javier Santana-

Nunez, Miguel Chavarrías, Samuel Ortega, Jaime Sancho, 

Himar Fabelo, Eduardo Juárez, and Gustavo M. Callico, 
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Hyperspectral Microscopic Systems", IEEE Transactions on 

Instrumentation and Measurement 74, 1-13, (2025). 

https://doi.org/10.1109/TIM.2025.3575989. [IF: 5.9 - Q1 in 
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Chapter 2] [OA, NC, CA] 

J2. Laura Quintana-Quintana, Samuel Ortega, Himar Fabelo, 

Francisco J. Balea-Fernández, and Gustavo M. Callico, "Blur-
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hyperspectral images", Optics Express 31, 12261-12279 
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Leon¥, Himar Fabelo, Maria de la Luz Plaza, Rafael Camacho 

and Gustavo M. Callico. “Histological Hyperspectral 

Glioblastoma Dataset (HistologyHSI-   ”, Scientific Data 11, 

681 (2024). https://doi.org/10.1038/s41597-024-03510-x. 
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financiación de proyectos de investigación, desarrollo 

einnovación en Biomedicina y Ciencias de la Salud. PI: 

Bernardino Clavo. Hospital Univ. de Gran Canaria Dr. Negrín. 

01/01/2018-  / 2/2   . 2 ,   .   €. Task: Development of 

an HS and thermal infrared acquisition system. 

RP4. Ref. FFPI21/BE01: Use of hyperspectral imaging as a 

prognostic factor for relapse due to distant metastasis in breast 

cancer. Fundació Doctor Ferran. PI: Esther Sauras. Hospital 

Verge de La Cinta. 01/01/2022-  / 2/2 22.  ,    €. Task: 

Acquisition, processing, and analysis of a multimodal breast 

cancer dataset to evaluate indicators associated with tumor 

recurrence.  

RP5. Ref. PIFIISC23/13: Valor diagnóstico y predictivo de la imagen 

hiperespectral en la neuropatíaperiférica inducida por 

quimioterapia. Fundación Canaria Instituto de Investigación 

Sanitaria de Canarias (FIISC). PI: Bernardino Clavo Varas. 

Hospital Univ. de Gran Canaria Dr. Negrín. 01/12/2023 - 

  / 2/2 2 . 2 .    €. Task: Support in the acquisition of 

multimodal images, ensuring proper equipment setup, and 

adherence to acquisition protocols. 

RP6. Ref. PIFIISC23/44: Evaluación con imagen hiperespectral del 

estrés oxidativo en pacientes con toxicidad por radioterapia o 

quimioterapia. Fundación Canaria Instituto de Investigación 

Sanitaria de Canarias (FIISC). PIs: Francisco Rodriguez 

Esparragon and Francisco Balea Fernandez. Hospital Univ. de 

Gran Canaria Dr. Negrín. 01/12/2023 -   / 2/2 2 .  2.    €. 

Task: Capture of HS histology database of human blood and 

development of algorithms for the analysis of its oxidative 

stress. 

Research groups 
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Systems for Data Processing at Research Institute of Applied 
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6.5.3 Grants and awards 

Public Research contract 

RC1. Researcher in the PLATINO project (NP3). 16/02/2021 -

15/05/2021. 

Pre-doctoral Grant 

G1. Pre-doctoral grant given by the “Agencia Canaria de 

Investigacion, Innovacion y Sociedad de la Información 

 ACIISI ” of the “Consejería de  conomía, Conocimiento y 

 mpleo” of the “ obierno de Canarias”, which is part-financed 

by the European Social Fund (FSE) (POC 2014-2020, Eje 3 

Tema Prioritario 74 (85%)). 01/07/2021 -01/06/2025. 

Mobility Grants 

M1. Research intership movility at the Hospital of Tortosa Verge de 

la Cinta, Tortosa, Spain. Financed by the “Consejo Social” of 

the “ niversidad de Las Palmas de  ran Canaria”. It took place 

from 16/05/2022 to 20/07/2022. Supervisor: Carlos López 

Pablo. 

M2. Research intership movility at the Centro de Investigación en 

Tecnologías Software y Sistemas Multimedia (CITSEM) at the 

Universidad Politécnica de Madrid, Spain. Financed by the 

“Agencia Canaria de Investigacion, Innovacion y Sociedad de 

la Información  ACIISI ” of the “Consejería de  niversidades, 

Ciencia e Innovación y Cultura” of the “ obierno de Canarias”, 

which is part-financed by the European Social Fund Plus 

(FSE+) (BOC number 172 of 31/08/2023). It took place from 

01/06/2023 to 30/06/2023. Supervisor: Eduardo Juarez 

Martínez. 

M3. Research intership movility at the Image guided surgery 

Research Group at the Netherlands Cancer Institute, 

Netherlands. Financed by the “Agencia Canaria de 

Investigacion, Innovacion y Sociedad de la Información 

 ACIISI ” of the “Consejería de  niversidades, Ciencia e 

Innovación y Cultura” of the “ obierno de Canarias”, which is 

part-financed by the European Social Fund Plus (FSE+) (BOC 

number 172 of 31/08/2023). It took place from 15/09/2023 -

30/11/2023. Supervisor: Behdad Dasht Bozorg. 
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M4. 5th International MCX Training Workshop at the Boston 

campus of Northeastern University, USA. Financed by the 

TALENT (HypErsPEctRal Imaging for Artificial intelligence 

applications) project (PID2020-116417RB-C41 and PID2020-

116417RB-C42 AEI/10.13039/501100011033), supported by 

the Spanish Government and European Union (FEDER 

Funds). It took place from 29/07/2024 -01/07/2024. 

Professor: Qianqian Fang. 

Awards 

A1.  est Paper Award at “    I Conference on Design of Circuits 

and Integrated Systems”. DCIS2 2   eneral Chairs. Tool 

place: 26/11/2021 in Vila do Conde, Portugal. 
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Annex A: Resumen en 

Español 

A.1. Motivación 

El cáncer continúa siendo uno de los principales desafíos para la 

salud pública a nivel mundial, con cerca de 20 millones de nuevos 

casos y 9,7 millones de muertes registradas en 2022 [1]. Entre ellos, 

el cáncer de pulmón se mantiene como el más diagnosticado y el de 

mayor mortalidad, seguido por los cánceres de mama y colorrectal 

[2]. Aunque menos frecuentes, los tumores cerebrales y del sistema 

nervioso central presentan una elevada letalidad, atribuida en gran 

parte a su agresividad y complejidad [3]. Si bien los avances en la 

detección precoz y en los tratamientos han contribuido a reducir la 

mortalidad, el diagnóstico definitivo del cáncer sigue dependiendo 

del análisis histopatológico de biopsias, un proceso complejo y sujeto 

a variabilidad debido a la alta heterogeneidad de los tejidos. En los 

últimos años, la digitalización de la patología y la integración de 

técnicas de inteligencia artificial han mejorado la precisión 

diagnóstica y abierto nuevas oportunidades para la medicina 

personalizada [12], [13]. Sin embargo, las técnicas convencionales de 

microscopía se limitan al espectro visible (400–750 nm), lo que 

restringe su capacidad para identificar características bioquímicas 

relevantes en los tejidos, fundamentales para un diagnóstico más 

preciso.  

La microscopía multiespectral e hiperespectral (MSI/HSI) 

emerge como una tecnología con gran potencial en el diagnóstico 

biomédico, especialmente en el ámbito oncológico [26], [63]. A 

diferencia de la microscopía convencional de campo claro, limitada 

al espectro visible y frecuentemente insuficiente para detectar 

características bioquímicas clave, la MSI/HSI adquiere datos en un 

amplio rango de longitudes de onda, lo que proporciona una visión 
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molecular más profunda y precisa de los tejidos. Esta información 

espectral ampliada mejora la reproducibilidad, la objetividad y la 

precisión diagnóstica de las evaluaciones histopatológicas, situando 

a estas tecnologías como herramientas transformadoras en patología 

digital. En el contexto del cáncer, la HSI ha demostrado un notable 

potencial diagnóstico, permitiendo diferenciar tejidos sanos y 

patológicos en función de sus firmas espectrales específicas. 

Estudios recientes han mostrado su eficacia en la identificación de 

tumores pancreáticos con diferentes perfiles pronósticos [57], la 

cuantificación de la expresión de Ki67 como marcador pronóstico en 

linfomas [58] y la evaluación de interacciones entre células 

tumorales e inmunitarias en pacientes con cáncer de pulmón 

tratados con inmunoterapia [59]. Asimismo, se han reportado altas 

precisiones diagnósticas en cánceres de mama [60], melanoma [61] 

y tumores de cabeza y cuello [62]. En conjunto, estos avances 

posicionan a la microscopía MSI/HSI como una tecnología no 

destructiva y complementaria a los métodos histopatológicos 

tradicionales, con un gran potencial para mejorar el diagnóstico 

oncológico. Sin embargo, a pesar de estas ventajas, la adopción 

clínica de la microscopía HSI sigue siendo incipiente y 

mayoritariamente confinada a entornos experimentales, debido a 

desafíos técnicos, metodológicos y normativos. Entre los principales 

obstáculos se encuentran la falta de estandarización en la 

configuración de los sistemas, los protocolos de adquisición y los 

procedimientos de preparación de muestras, así como la 

disponibilidad de bases de datos públicas que sirvan como 

referencia. Estos puntos limitan su uso eficaz, reproducible e 

integrado en la práctica clínica [26]. 

Esta tesis doctoral tiene como propósito adaptar de manera 

efectiva la tecnología HSI a la escala microscópica, con el fin de 

posibilitar el análisis cuantitativo, no invasivo y sin marcadores de 

tejidos biológicos. Para abordar los retos asociados a su 

implementación, se ha desarrollado un marco conceptual integral 

que guíe el diseño de una herramienta diagnóstica robusta, como se 

muestra en la Figura A1. Este marco consta de cinco etapas 

interrelacionadas que abordan los principales desafíos técnicos y 

metodológicos. (1) Instrumentación y caracterización del sistema, 

centrada en garantizar una adquisición de datos coherente y 

reproducible mediante un hardware fiable y calibrado (Figura A1a). 
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(2) Evaluación y optimización del enfoque, orientada a maximizar 

la calidad de imagen mediante el ajuste de parámetros ópticos 

(Figura A1b). (3) Preparación de muestras y estandarización de 

protocolos, para reducir la variabilidad en el manejo de tejidos 

biológicos (Figura A1c). (4) Disponibilidad y accesibilidad de bases 

de datos públicas, actualmente escasas, pero esenciales para validar 

y comparar metodologías (Figura A1e). (5) Flujos de 

preprocesamiento específicos para HSI, necesarios para limpiar, 

normalizar y preparar los datos espectrales antes del análisis (Figura 

A1d). Este enfoque estructurado busca mejorar la reproducibilidad 

de los resultados, facilitar la comparabilidad entre laboratorios y 

promover la adopción clínica de la microscopía HSI en el diagnóstico 

biomédico. 

 

Figura A1. Marco de desarrollo de herramientas de diagnóstico 

microscópico HSI: (a) instrumentación, caracterización y validación, (b) 

optimización de la evaluación del enfoque, (c) optimización del 

procesamiento de muestras, (d) preprocesamiento de datos HS y (e) 

generación de base de datos médicas de microscopía HS.  
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A.2. Sistema de Microscopía 

Hiperespectral 

HSI es una potente técnica de imagen capaz de capturar 

información tanto espacial como espectral, lo que permite la 

caracterización no invasiva de materiales, tejidos y otros elementos. 

Aunque HSI se utiliza ampliamente a nivel macroscópico, su 

aplicación en el ámbito microscópico sigue siendo limitada debido a 

varios retos técnicos. Una de las principales limitaciones es la 

ausencia de metodologías estandarizadas para caracterizar los 

sistemas microscópicos HS, que son esenciales para garantizar la 

adquisición adecuada de datos y la reproducibilidad experimental en 

diferentes instituciones de investigación. 

El primer capítulo de esta tesis doctoral contribuye al análisis y la 

evaluación de los sistemas de adquisición microscópica HS 

adaptados a la obtención de imágenes de muestras biológicas. En 

concreto, su objetivo es identificar los parámetros esenciales que 

afectan al rendimiento del sistema, como la resolución espacial y 

espectral, el comportamiento del ruido y la fidelidad geométrica, y 

definir las configuraciones óptimas para obtener imágenes eficaces 

de muestras histológicas. Para alcanzar estos objetivos, se propone 

una hoja de ruta de caracterización exhaustiva. Esta hoja de ruta 

reúne los parámetros clave identificados en el estado actual de la 

técnica e incluye una lista detallada de los materiales necesarios para 

la evaluación del sistema. La metodología evalúa una amplia gama 

de métricas de rendimiento, entre las que se incluyen el rango 

dinámico, la cuantificación del ruido, el tamaño de los píxeles, la 

respuesta de frecuencia espacial, la precisión del escaneo espacial, la 

repetibilidad espacial, la corrección de campo plano, la transferencia 

de tonos y la sensibilidad espectral. Estas métricas se integran en un 

marco unificado, estandarizado y replicable que ha sido validado 

mediante una prueba Round Robin utilizando dos sistemas 

microscópicos HSI independientes (Figura A2), lo que demuestra su 

generalizabilidad. En consecuencia, la hoja de ruta no solo promueve 

la coherencia y la fiabilidad en el desarrollo y la validación de los 

sistemas microscópicos HSI, sino que también proporciona una 

orientación clara para que las futuras investigaciones informen 

públicamente sobre las métricas de calidad, promoviendo la 
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coherencia y la fiabilidad en el desarrollo y la validación de los 

sistemas microscópicos HSI.  

 

Figura A2.  Diagrama de los sistemas microscópicos HS (izquierda) y 

ejemplo de dos sistemas microscópicos HS (sistema A en el centro y 

sistema B a la derecha): (a) cámara HS, (b) prismáticos, (c) lentes 

objetivo, (d) platina portaobjetos, (e) joystick para el escaneo espacial y 

(f) fuente de luz halógena. 

Los resultados preliminares se presentaron en el artículo de la 

conferencia (C1) titulado «Instrumentation Evaluation for 

Hyperspectral Microscopy Targeting Enhanced Medical 

Histology» (Evaluación de la instrumentación para la microscopía 

hiperespectral destinada a mejorar la histología médica) en la 

XXXVI Conferencia sobre Diseño de Circuitos y Sistemas 

Integrados (DCIS), celebrada en Portugal en 2021. Este trabajo 

presentó los principales retos asociados a la instrumentación 

microscópica HS. Posteriormente, la metodología completa se 

desarrolló y probó mediante un estudio colaborativo con el Centro 

de Investigación en Tecnologías de Software y Sistemas Multimedia 

de la Universidad Politécnica de Madrid, durante la estancia de 

investigación de la doctoranda (M1). La hoja de ruta propuesta se 

validó en dos sistemas microscópicos HS representativos, uno 

ubicado en la Universidad de Las Palmas de Gran Canaria y otro en 

la Universidad Politécnica de Madrid (Figura A1). Ambos sistemas 

integran un sensor HSI en un microscopio de campo claro, una 

configuración comúnmente utilizada en la obtención de imágenes 

biomédicas. Los resultados de este trabajo se publicaron en el 

artículo de revista (0) titulado «Roadmap for the Design and 

Characterization of Microscopic Hyperspectral Systems» 
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(Hoja de ruta para el diseño y la caracterización de sistemas 

microscópicos hiperespectrales), en IEEE Transactions on 

Instrumentation and Measurement. En general, la hoja de ruta de 

caracterización propuesta proporciona directrices prácticas y 

detalladas para la comunidad científica que desea desarrollar y 

evaluar sistemas microscópicos HS fiables, eficientes y precisos. 

A.3. Optimización de la Calidad de la 

Imagen HS 

Una vez que los sistemas microscópicos HS se han desarrollado y 

caracterizado adecuadamente, la atención debe centrarse en la 

calidad y la fidelidad de los datos que producen. En este contexto, 

surgen dos áreas críticas: la optimización de la calidad de los datos 

durante la adquisición y a través del procesamiento posterior. 

Durante la captura de imágenes, el operador suele ajustar el enfoque 

manualmente utilizando únicamente la inspección visual. Este 

enfoque a menudo da lugar a una nitidez de imagen no uniforme, 

especialmente dadas las condiciones de poca luz inherentes a la 

microscopía HSI y la naturaleza heterogénea de las muestras 

biológicas. Tras la adquisición, es esencial utilizar técnicas de 

procesamiento específicas para mitigar el ruido y los artefactos, 

mejorando así la calidad de los datos y garantizando un análisis 

espectral robusto y preciso. 

El segundo capítulo de esta tesis doctoral se centra en el análisis 

de los factores que afectan al enfoque de la imagen, la iluminación y 

la calidad de la señal antes de la adquisición de datos, desarrollando 

estrategias y protocolos que permitan una captura de imágenes 

consistente y reproducible. Uno de los principales desafíos 

abordados es el desenfoque en imágenes microscópicas HS, 

estrechamente relacionado con la profundidad de campo (DOF) del 

sistema, definida como la distancia entre los puntos más cercanos y 

más lejanos en los que un objeto puede registrarse con una nitidez 

aceptable (Figura A3). En este contexto, se lleva a cabo una 

evaluación exhaustiva de las limitaciones del enfoque manual, así 

como del impacto de la DOF, y se exploran métodos avanzados 

orientados a mejorar la uniformidad y fiabilidad del enfoque en todo 
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el campo de visión. Esto incluye la evaluación de la calidad del 

enfoque mediante algoritmos de evaluación de la calidad de la 

imagen sin referencia (NR-IQA) adaptados de datos RGB a HS. Estos 

algoritmos son evaluados en una base de datos generada, HIDFA 

(Hyperspectral Imaging Dataset for Focus Assessment), que 

contiene 125 fotogramas de referencia capturados a 11 distancias de 

trabajo (1375 cubos HSI en total). Los resultados indicaron que, 

mientras que algunos algoritmos NR-IQA mostraban respuestas 

fluctuantes en diferentes bandas espectrales (MLV, FISHbb, LPC), 

otros proporcionaban puntuaciones consistentes 

independientemente de las variaciones de longitud de onda (CPBD, 

EMBM, PSI, SPARISH). Esta consistencia es especialmente 

importante en la HSI microscópica, donde todas las bandas 

espectrales corresponden al mismo plano focal del microscopio. Por 

lo tanto, se identificaron como los más robustos aquellos algoritmos 

con un rendimiento estable en todo el espectro. Estos hallazgos 

sientan las bases para futuras aplicaciones en la corrección del 

enfoque, como la selección automatizada de las regiones más nítidas 

en los procedimientos de apilamiento z. Estos hallazgos subrayan 

tanto la relevancia como la complejidad de adaptar los métodos NR-

IQA a las imágenes HS. 

 

Figura A3.  Representación gráfica de (a) DOF, (b) desplazamiento WD, 

(c) Ejemplo de un intestino de rata desenfocado (20×) y (d) problemas 

de aberración cromática.  

Los resultados preliminares de este trabajo se presentaron en el 

artículo de conferencia (C4) titulado «Blur-Specific No-

Reference Image Quality Assesment for Microscopic 

Hyperspectral Image Focus Quantification» (Evaluación de la 

calidad de imagen sin referencia específica para el desenfoque para 
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la cuantificación del enfoque de imágenes hiperespectrales 

microscópicas), presentado en el 11.º Taller sobre Imágenes 

Hiperespectrales y Procesamiento de Señales: Evolución en la 

Teledetección (WHISPERS), celebrado en Ámsterdam en 2021. En 

él se presentaron los retos relacionados con la nitidez de la imagen y 

el preprocesamiento de datos en microscopía HSI. Seguidamente, se 

llevó a cabo una investigación más detallada que se publicó en el 

artículo de revista (J2) titulado «Blur-specific Image Quality 

Assessment of Microscopic Hyperspectral Images» 

(Evaluación de la calidad de imagen específica para el desenfoque de 

imágenes hiperespectrales microscópicas) y publicado en Optics 

Express. Junto con este trabajo se publicó una base de datos pública, 

HIDFA, para la cuantificación del enfoque, de modo que otros 

investigadores puedan beneficiarse de ella.  

Otro objetivo que también se aborda en este capítulo es mejorar 

la calidad de los datos microscópicos HS tras su adquisición, a través 

de varias técnicas de procesamiento de imágenes. En concreto, se 

centra en evaluar métodos eficaces para la reducción del ruido, la 

corrección de artefactos y la mejora espectral, mejorando así la 

fidelidad espectral y facilitando un análisis preciso. Se evaluaron 

sistemáticamente una serie de estrategias de preprocesamiento, 

incluidos los filtros de suavizado, la normalización de la variable 

normal estándar (SNV) y los cálculos de derivadas espectrales, 

utilizando el error cuadrático medio (RMSE) frente a un estándar de 

referencia de longitud de onda conocido. También se tuvo en cuenta 

la eficiencia del procesamiento para equilibrar la mejora de la 

calidad con la aplicabilidad práctica. Los resultados demostraron 

que métodos individuales como el suavizado de media móvil, la SNV 

y las primeras derivadas espectrales mejoraban significativamente la 

calidad de los datos, y que su aplicación combinada producía 

mejoras aún mayores. Las contribuciones relevantes se presentaron 

en el artículo de la conferencia (C1) titulado «Assessing 

Processing Strategies on Data from Medical Hyperspectral 

Acquisition Systems» (Evaluación de estrategias de 

procesamiento de datos de sistemas de adquisición hiperespectral 

médica), presentado en la 27.ª Conferencia Euromicro sobre Diseño 

de Sistemas Digitales (DSD), celebrada en París en 2024. 
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En conjunto, este capítulo proporciona un marco completo para 

mejorar la fidelidad de los datos en la obtención de imágenes 

microscópicas HS. Al abordar los retos tanto del momento de la 

adquisición como de la post-adquisición, contribuye al desarrollo de 

metodologías robustas que promueven resultados más precisos, 

consistentes e interpretables en la obtención de imágenes 

biomédicas y más allá. 

A.4. Optimización de la Calidad de la 

Muestra Histológica 

Si bien los avances recientes en microscopía HS se han centrado 

principalmente en el desarrollo de sensores y sistemas, otro factor 

crítico que influye en la calidad de la imagen es la preparación de las 

propias muestras biológicas. El análisis histológico de muestras de 

biopsia es actualmente el método de referencia para la detección y 

clasificación de tumores, y se basa en imágenes de alta resolución 

para distinguir las estructuras celulares. Para lograr una nitidez 

óptima de la imagen en los microscopios WSI, las secciones de tejido 

se cortan tradicionalmente en láminas finas, normalmente de 3 a 5 

μm de grosor, y se tiñen con colorantes que mejoran el contraste 

(como la hematoxilina y eosina, H&E). Sin embargo, en la 

microscopía HS, la obtención de una transmitancia difusa de una 

muestra, basada en los principios de la interacción entre el tejido y 

la luz (Figura A4), puede requerir diferentes técnicas de preparación 

de muestras para adquirir información espectral valiosa de los 

tejidos biológicos.  

El cuarto capítulo de esta tesis se centra en investigar cómo la 

preparación de muestras biológicas, concretamente el grosor del 

tejido afecta a las características espaciales y espectrales de las 

imágenes microscópicas HS, y en proponer directrices que mejoren 

la calidad de la imagen y la fiabilidad del diagnóstico. Para cumplir 

estos objetivos se siguió un enfoque multifásico. En primer lugar, se 

realizaron imágenes experimentales en secciones de tejido mamario 

teñidas con H&E y preparadas con un grosor de 2 μm y 3 μm. 

Basándose en los picos de las firmas espectrales de la hematoxilina y 

la eosina, las imágenes HS se segmentaron en regiones de estroma 
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(teñidas con eosina), núcleos (teñidos con hematoxilina) y fondo (sin 

teñir). Los resultados mostraron que las muestras de 3 μm no solo 

proporcionaban un mayor número de células captadas en imagen, 

sino que también presentaban un mejor contraste espectral, lo que 

sugiere una mayor interacción entre el tejido y la luz y una mejor 

discriminación de la estructura en los datos HS en comparación con 

las secciones más finas.  

 

Figura A4.  Esquema del sistema microscópico HS capturando una 

lámina histológica en modo de transmisión (izquierda) y las 

interacciones entre la luz y el tejido dentro del tejido que se está 

analizando (derecha).  

En una segunda fase, se realizó un estudio para explorar el grosor 

de las muestras, más allá de los protocolos histológicos 

convencionales, mediante análisis computacional. Una revisión de la 

literatura reveló que aproximadamente el 40 % de los estudios de 

microscopía HS no informan del grosor del tejido y, de los que lo 

hacen, el 98 % utiliza cortes de entre 2 y 10 μm. Para abordar esta 

laguna, se llevó a cabo un conjunto de simulaciones de transporte de 

luz Monte Carlo en varios tipos de tejidos (mama, hígado, pulmón y 

colorrectal) para evaluar la influencia del grosor del tejido no teñido 

en la calidad de las imágenes HS. Las simulaciones demostraron que 

las muestras delgadas producen una discriminación espectral 

deficiente debido a la insuficiente interacción entre la luz y el tejido, 

mientras que las muestras más gruesas, que se acercan a los 500 μm, 

permiten una mejor clasificación del tejido a expensas de la 

intensidad de la luz. 
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El primer enfoque se presentó en el artículo de la conferencia 

(C2) titulado «Analysing Histology Hyperspectral Images, 

Does Tissue Thickness Matter» (Análisis de imágenes 

hiperespectrales histológicas, ¿importa el grosor del tejido?), 

presentado en la conferencia SPIE Photonics Europe celebrada en 

Estrasburgo en 2024. En él se introdujo el impacto del grosor de la 

muestra en la calidad de la información espectral y espacial. El 

segundo enfoque se desarrolló posteriormente durante la estancia de 

investigación de la doctoranda en el Departamento de Cirugía 

Guiada por Imágenes (M3) del Instituto Neerlandés del Cáncer, en 

colaboración con expertos en óptica biomédica e histología del 

cáncer. Los resultados completos se publicaron en el artículo (J3) 

titulado «Exploring the Role of Sample Thickness for 

Hyperspectral Microscopy Tissue Discrimination through 

Monte Carlo Simulations» (Exploración del papel del grosor de 

la muestra en la discriminación de tejidos mediante microscopía 

hiperespectral a través de simulaciones de Monte Carlo), en 

Biomedical Optics Express.  

Este capítulo subraya la importancia de la investigación 

interdisciplinaria en el desarrollo de datos microscópicos HS fiables, 

demostrando que los avances técnicos en sensores y algoritmos 

deben ir acompañados de una preparación optimizada de las 

muestras biológicas. Al abordar la variable del grosor del tejido, a 

menudo pasada por alto, este trabajo contribuye al establecimiento 

de protocolos mejorados que promueven imágenes HS precisas, 

reproducibles y clínicamente relevantes para el diagnóstico médico. 

A.5. Bases de datos médicas 

microscópicas HS 

A pesar del creciente interés y del rápido progreso tecnológico en 

microscopía HS, sigue existiendo un reto importante: la escasez de 

conjuntos de datos microscópicos HS disponibles públicamente y 

bien anotados. Esta carencia dificulta considerablemente la 

capacidad de los investigadores para evaluar y comparar 

objetivamente el rendimiento de los métodos de procesamiento 

avanzados, como la clasificación de imágenes HS, el spectral 
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unmixing (separación espectral) y la compresión de datos. Sin 

conjuntos de datos públicos y estandarizados, la evaluación 

comparativa se vuelve inconsistente, lo que dificulta la 

reproducibilidad y complica el progreso colectivo en este campo. El 

capítulo 5 de esta tesis doctoral está dedicado a la adquisición de 

imágenes HS de muestras histológicas en diferentes condiciones de 

preparación y obtención de imágenes. El objetivo es crear conjuntos 

de datos representativos que reflejen las prácticas reales de los 

laboratorios y permitan una investigación reproducible y 

comparable. Con este fin, se desarrollaron dos bases de datos 

completas, cada una de ellas adaptada para satisfacer diferentes 

necesidades clínicas y de investigación en el campo de la microscopía 

HS. 

 

Figura A5.  Resumen gráfico de la metodología seguida. (a) 

Procedimiento de resección. (b) Anotaciones macroscópicas de las 

ubicaciones de la GB. (c) Captura de datos HS utilizando un sistema 

microscópico HS. (d) Selección de ROI. (e) Resumen del conjunto de 

datos.  

La primera base de datos (J3), «Histological Hyperspectral 

Glioblastoma Dataset (HistologyHSI-GB)», se creó en la 

Universidad de Las Palmas de Gran Canaria y se publicó en el 

repositorio The Cancer Imaging Archive y en la revista Scientific 
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Data. Este conjunto de datos contiene 469 imágenes 

hiperespectrales obtenidas de 13 pacientes diagnosticados con 

glioblastoma, un tumor cerebral muy agresivo. Las secciones de 

tejido teñidas con H&E se capturaron con un aumento de 20× 

utilizando un sistema de microscopía HS personalizado con una 

sensibilidad espectral que abarca de 400 a 1000 nm. Patólogos 

expertos proporcionaron anotaciones a nivel de imagen, lo que 

garantizó la relevancia clínica del conjunto de datos. La Figura A5 

muestra un resumen gráfico del mismo. Al capturar las 

características espectrales y espaciales del tejido, este conjunto de 

datos ofrece un rico recurso para estudiar la heterogeneidad de 

tumores de cerebro y desarrollar métodos de análisis de imágenes 

HS con aplicación en neurooncología.  

El segundo conjunto de datos se creó gracias a la colaboración con 

el Departamento de Patología del Hospital de Tortosa Verge de la 

Cinta, en Tortosa (España). Durante su estancia de investigación 

(M1), la doctoranda contribuyó a la adquisición y curación de este 

conjunto de datos de tejido mamario, centrado en casos de 

recurrencia. Esta base de datos (J5), «Histological 

Hyperspectral Breast Cancer Recurrence Dataset 

(HistologyHSI-BC Recurrence)» (Conjunto de datos 

histológicos hiperespectrales sobre la recurrencia del cáncer de 

mama (HistologyHSI-BC Recurrence), que se está publicando 

actualmente en el repositorio The Cancer Imaging Archive y en la 

revista Scientific Data, ofrece valiosos datos de imágenes para 

estudiar los retos diagnósticos asociados a los tumores recurrentes 

de mama. Se diseñó específicamente para avanzar en la predicción 

de la recurrencia del cáncer de mama a distancia. Integra 677 

imágenes HS, 47 imágenes histopatológicas de láminas completas y 

datos clínicos y demográficos detallados de 47 pacientes con cáncer 

de mama, de las cuales casi la mitad desarrollaron recurrencia 

durante un período de 12 años. Las láminas histológicas se 

digitalizaron mediante escaneo de láminas completas y se anotaron 

por expertos patólogos, mientras que las imágenes HS se 

adquirieron utilizando un microscopio HS. Se puede consultar el 

resumen gráfico de todo el conjunto de datos en la Figura A6. Este 

enfoque multimodal ofrece oportunidades sin precedentes para 

identificar biomarcadores pronósticos mediante la combinación de 
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datos cínicos con imágenes histopatológicas y HS, lo que respalda las 

estrategias de tratamiento personalizadas. 

 

Figura A6.  Se obtuvieron biopsias de tumor mamario de 47 pacientes, 

que fueron procesadas y teñidas con H&E. Las muestras se digitalizaron 

(WSI), se anotaron y se capturaron imágenes hiperespectrales. Junto con 

los datos clínicos y demográficos, se creó la base de datos HistologyHSI 

- BC Recurrence Database. 

El contenido de este capítulo ofrece importantes contribuciones a 

la comunidad científica al publicar dos conjuntos de datos 

microscópicos HS disponibles públicamente, lo que conducirá a 

avances tanto en la investigación como en el uso clínico de las 

imágenes microscópicas HS. Las bases de datos HistologyHSI-GB e 

HistologyHSI-BC Recurrence proporcionan recursos valiosos y 

clínicamente relevantes que respaldan el desarrollo de algoritmos y 
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la traducción clínica. Al abordar la variabilidad de los datos y 

promover la estandarización, este trabajo ayuda a acelerar la 

reproducibilidad, la colaboración y la adopción de la microscopía HS 

en la práctica médica habitual. 

A.6. Conclusiones, Limitaciones y 

Trabajo Futuro 

Esta tesis doctoral contribuye de manera significativa al avance 

de la viabilidad clínica de la microscopía HS en patología digital al 

abordar de manera sistemática sus principales retos técnicos, 

metodológicos y prácticos. El trabajo abarca cinco ámbitos 

principales: 

• Estandarización del diseño y la caracterización de los sistemas 

de microscopía HS: se ha desarrollado una hoja de ruta sólida 

y validada empíricamente para la calibración y la evaluación 

del rendimiento de los sistemas microscópicos HS. Esto 

incluye parámetros críticos, pero a menudo descuidados, como 

la repetibilidad espacial y la resolución dependiente de la 

longitud de onda. La introducción de este marco favorece la 

reproducibilidad y la interoperabilidad entre dispositivos, y 

sienta las bases para futuros esfuerzos de estandarización en 

HSI biomédica. 

• Establecimiento de técnicas objetivas de evaluación del 

enfoque sensibles al espectro: la tesis presenta un conjunto de 

datos de referencia único (HIDFA) y evalúa una serie de 

algoritmos de evaluación del enfoque adaptados a la 

microscopía HS. Los resultados enfatizan la importancia de 

tener en cuenta la resolución espacial dependiente de la 

longitud de onda y la variabilidad estructural, lo que orienta la 

selección de métricas de calidad de imagen más informativas y 

específicas para HS. Estos conocimientos mejoran los 

protocolos de garantía de calidad y ayudan a garantizar una 

imagen diagnóstica fiable. 

• Optimización del grosor del tejido para maximizar la 

discriminabilidad espectral: Se implementó un novedoso 

modelo de simulación del transporte de luz a través de tejido 
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biológico basado en Monte Carlo para explorar la influencia 

del grosor del tejido en el contraste espectral. El trabajo desafía 

las prácticas histológicas convencionales y demuestra que un 

rendimiento diagnóstico óptimo requiere grosores 

personalizados en función del tipo de tejido y el objetivo 

diagnóstico. Esta contribución fomenta una reevaluación de 

los protocolos de preparación de muestras para la obtención 

de imágenes HS. 

• Marco para el preprocesamiento espectral estandarizado en 

HSI médica: mediante la introducción de un proceso de 

evaluación del preprocesamiento independiente del sistema, la 

tesis proporciona directrices prácticas para mejorar la 

fidelidad espectral en diferentes plataformas HS. Promueve la 

adopción de estrategias de preprocesamiento coherentes (por 

ejemplo, normalización SNV, filtros de suavizado adecuados) 

y fomenta el desarrollo de algoritmos con capacidad en tiempo 

real para su implementación clínica. 

• Desarrollo de bases de datos microscópicas HS de acceso 

público y orientación clínica: se presentan dos bases de datos 

de referencia, HistologyHSI-GB e HistologyHSI-BC 

Recurrence, que recogen la variabilidad real en la preparación 

de muestras y las condiciones de obtención de imágenes. Estos 

recursos permiten el desarrollo de algoritmos reproducibles en 

neurooncología y en la predicción de la recurrencia del cáncer 

de mama, promueven la colaboración entre investigadores 

computacionales y clínicos, y sientan las bases para avanzar en 

el uso clínico de las imágenes HS. 

Hacia la traducción clínica de la microscopía HS, esta tesis 

doctoral ha abordado retos clave en el proceso de adquisición y 

análisis de imágenes hiperespectrales microscópicas aplicadas a la 

patología. Desde la caracterización de sistemas y evaluación del 

enfoque, hasta la preparación de muestras, el preprocesamiento 

espectral y la creación de bases de datos públicas, este trabajo sienta 

unas bases metodológicas sólidas para avanzar hacia aplicaciones 

clínicas. Sin embargo, aún se identifican desafíos que orientan 

futuras líneas de investigación. La hoja de ruta propuesta para 

evaluar sistemas HS debe extenderse y adoptarse de forma más 

generalizada, integrando parámetros adicionales como la 

polarización o las aberraciones ópticas. Las métricas de calidad de 
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enfoque sin referencia han de evolucionar hacia escenarios 

dinámicos, como el apilamiento en profundidad, con el objetivo de 

generar cubos espectrales todo-en-foco que resulten clínicamente 

útiles. La simulación del efecto del grosor tisular ofrece un marco 

conceptual valioso, pero demanda validación empírica con muestras 

reales y adaptación de protocolos histológicos a la práctica clínica. 

En cuanto al procesamiento de datos, se requiere el 

perfeccionamiento de técnicas de suavizado y corrección espectral, 

así como su implementación en tiempo real mediante soluciones 

aceleradas por hardware. La inteligencia artificial aplicada a estos 

datos debe adaptarse a la variabilidad inherente de los tejidos y 

condiciones de adquisición, promoviendo estrategias de aumento de 

datos y marcos de evaluación comparativa robustos. Además, la 

escasez de bases de datos bien anotadas continúa siendo una barrera 

crítica, lo que subraya la necesidad de establecer protocolos de 

anotación eficientes, estrategias de compresión y plataformas 

colaborativas para su creación y compartición. En definitiva, la 

validación de estas metodologías en entornos clínicos reales será el 

paso decisivo para facilitar la adopción de la microscopía HS como 

herramienta de diagnóstico de próxima generación. 

 






