Automatic discrimination of Costa Rican stingless bees

based on modified SIFT of its wings
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Abstract—The creation of an automated system based on digital
image processing of photographs of their wings to identify the
genus and species of a bee (Apidae: Meliponini) is proposed. A
fast and efficient system of taxonomic classification of stingless
bees would be a very valuable contribution, as well as a reference
for the study of stingless bees. The fore and hind right wings of
workers were placed in an inert medium. The bee samples were
collected directly from their nests and from the entomological
collection of the Tropical Bee Research Center (CINAT).

Three collections of bees were created at CINAT; the first one is
about individuals bees, the second is actual bee wings preserved
into a specialized balsam and the last one is a collection of photos
from the bee wings. In total material was processed for 20 genera
(90% of genera of native stingless bees present in Costa Rica)
and 59 species (73% of the species reported).

Automatic discrimination system used a dataset by 459 images,
grouped into 18 species of 10 genera. After to applying the
matching approach, the specie accuracy reached an 86.49%, and
the genera accuracy was 97.52%.

Keywords—stingless bees; venation classification; SIFT; image
processing

[. INTRODUCTION

Bees constitute a diverse and important group of insects for
the dynamics of forest and agro ecosystems [1]. About 20,000
species are known, of which most of them have solitary habits
[2] so it complicated to study them and propose conservation
strategies. One of the main problems for native bee
conservation in Latin America is the absence of important
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information about the richness, diversity, taxonomy,
distribution, population dynamics and the impact of human
activities on all species of bees [3]. These topics have not been
studied extensively in the American tropics. Therefore, it is
proposed the creation of collections (physical and digital) and
an automatic system for the stingless bees identification.

More specifically, the native stingless bees are a very
important component in the natural tropics and subtropics
ecosystems of the world because they facilitate pollination of
most crop plants [4]. Over 400 species are known, of which
300 are in the tropics and subtropics of America. In Costa Rica
there are almost 20 genera and 59 species of stingless bees [5],
among which the most important is the new specie described
recently (Nogueirapis costaricana) [6]. The stingless bees have
been an essential part of Hispanic culture and nowadays are
being used in a wide variety of projects focused on the family
economy, forest conservation and community tourism. Its
principal products are honey, propolis and pollen. These
products are highly prized among the local population for their
own antimicrobial properties [7].

Some developmental issues regarding the taxonomy of bees
in Costa Rica, especially in Meliponini specie, are the lack of
appropriate entomological collections covering the whole
country stocks as well as guides for their classification
available to all public. There is a need to search for quick and
easy systems to address doubts about species identification.
This is increasingly evident in remote areas where experts
cannot always do their jobs [8]. An alternative solution to this



problem would be a digital system for bee identification, which
can be easy to use and has reliable results.

II. RELATED WORKS

With the development of technology and the growth in
processing capability of computers, very efficient systems have
been proposed for automatic classification of bees from the
wings images. Studies show that the wings contain important
information for insect identification; since they vary more
between different sub-species within the same species and yet
differences allow discrimination between different species [9]
[10]. The insect wings are membranous with visible veins,
which allow the creation of a clear diagram. In [11-13] it is
mentioned that the classification of insects based on the
characteristics of the venation of the wings has been very
successful in recent years, as the use of morphometric
indicators have gained importance in biological areas.

The first proposal for an automatic system for bee
classification was in the early 80's with the creation of Fast
Africanized Bee Identification System (FABIS). There is not
much information available about this system, however in [14]
it is indicated that the FABIS could accurately classify
Africanized bees. For discrimination of bees it needs to take 25
morphometric measurements, requiring a training process and
availability of several hours for the calculations. For that
reason, the system has been discontinued, but the automatic
bee identification initiative has continued.

Without a doubt, the most recognized contribution to the
problem of automating bee discrimination has been the
Automatic Bee Identification System (ABIS). ABIS was
proposed in 1991 and was used until 2008, unfortunately after
this year it has been discontinued. ABIS's main strategy was to
use wing information similar to the use of the fingerprint in
humans. This used a large database (300 characteristics) for
further statistical recognition.

The cells formed inside the wings receive particular
attention. With the information in venation lines and their
intersections, the system generates hypotheses about the
location of the cells. The available information about the
results obtained with ABIS indicates a 99.8% recognition
success at genera level. However, it is important to note that
only the following genera were resolved: Colletes, Andrea y
Bombus. At species level, in those genera, success decreased to
95%.

Although the strategy of ABIS system achieved a high
success rate, it has some limitations among which are the use
of very few species and genera, it demands a training system
with at least 20 specimens per class (either species or genera)
and requires that the wuser manually identify some
characteristics.

Due to the success of this system recently some proposals
have emerged which aim to elucidate the recognized
limitations in ABIS. In 2001, there was a publication that
highlights the accuracy, portability and tools used by ABIS, but
identified as the creation of public access, monitoring the
system and the incorporation of geographic information [8].

More recently, in 2008, the possibility of combining the
results generated by the ABIS system with ties to
morphometric descriptors present in the wings was proposed
[17]. This proposal prompted the use of complementary
software in processes discrimination. In photographs, after
being processed in ABIS, 19 homologous intersections of
venations are marked using the software tpsDig and these
points were aligned and compared using analysis of Procrustes.
ABIS combined with morphometric analysis gave accurate
results of 98.05% in Africanized and 80% with the inclusion of
the other four species.

Finally, in 2011 the MelittO Biotaxis System (MOBS) was
proposed in order to identify live bees by anatomical
characteristics of their wings [11]. MOBS had an efficiency of
90% in the identification of 16 species grouped into four
genera. What is really innovative in MOBS is the automatic
reduction of the characteristics used in the discrimination
(under 20) compared to ABIS. In a first step, the wing venation
is extracted (using mathematical morphology and thresholds),
the cells are extracted and tagged (as in ABIS), extraction of
vein crossings and vein tagging; in a later phase, techniques
(including PCA, SIFT and SURF) are combined to select the
most important characteristics. In [11], we conclude that veins
crosses crossings and centres of mass of the wings are
excellent key points and also indicate that a poor training
would imply classification problems.

Up to this point it has been shown that there are several
systems capable of classifying species of bees efficiently;
however we can also list some important limitations. First,
none has been used for discrimination of stingless bees, few
species and genera were used, most systems are not fully
automatic (requiring active user intervention), some of them
require many hours of training and perhaps the most relevant,
they are designed to classify a group of images.

For these reasons, it was considered important to create a
system of discrimination of stingless bees from a photograph of
the wing. An easy to use system is proposed where only a
photograph need be entered and the system determines to what
species the wing belongs.

III. DISCRIMATION SYSTEM BASED ON SIFT

The process for creation of a automatic discrimination
system of bee’s species needed four steps:

A. Creating Database

Creating database includes preparation of the material for
three collections; bee specimens, another front and rear right
wing mounted in an inert preservation environment and a third
collection of photographs of plates.

The bees were collected directly from nests in different
geographical areas of Costa Rica, using entomological and
sniffers network. A ‘death camera’ was used with ethyl acetate
in order to kill quickly and avoid damage to the wings. The
samples were transported to CINAT where the mounting on
entomological pins and the respective identification were
made. This collection has a total of 879 examples.



Then, some bee wings were removed from their mesatorax
whit a razor blade and dissecting scissors to facilitate removal
and avoid damaging them. The collection of wings has a total
of 879 plates. An Olympus model SZX16 stereoscope was
used for taking images with an integrated camera. The
resolution in the millimetre was 2x with a focal opening of 1/4.
The generated images were stored in a database, grouped by
species. The collection of photographs has a total of 1758
pictures.

Fig. 1. (a) Specimen of Trigona nigerrima mounted on an entomological pin.
(b) Fore wing image generated from the capture protocol of the wings

B. Back ground Substraction

There are many different techniques to distinguish whether
a pixel belongs to the background of the image [15-17]; in this
research it used mainly histograms, thresholds and
morphological operators.

In the collection of photographs of bees discrimination
between two backgrounds was achieved; one with grey and
one with presence of blue. This required that the algorithm,
initially determine which type of background had the picture,
because this first decision would depend on the application of
Otsu method and threshold settings. For this purpose, the space
with colour HSV and one empirically calculated dimension
was used to determine which of the backgrounds the photo had.
Once the type of background was identified, a filter was
implemented by experimentally adjusted threshold (Otsu) to
determine which pixels will become white and which in blacks.
In Figure 2, the blank region of the second picture corresponds
to what was identified as wing and the last image is the
recovery of the original colour in the points with allocation
'white'.

(a) (b) (c)

=

Fig. 2. (a) Sample of original photo of the collection, (b) photograph
morphological operations, (c) result of the elimination of background

Pictures with the presence of two wings had an additional
problem that occurred in the process of eliminating
background. During the protocol of taking the photograph, it
was decided to focus on the wing of interest to make this the
discriminator element in which there were two or more wings.

To solve this problem, the calculation of the center of mass
of all resulting white regions was included in the background
removal algorithm (if there is more than one wing there should
be more of a white region). Also included was measurement of

the distances of these points to the center of the image,
because the shortest distance will discriminate the white
region that corresponds to the wing of interest. An illustration
of this strategy is shown in Figure 3.

C. Parameterization SIF

The Scale Invariant Feature Transform (SIFT) is a method
proposed by David Lowe in 1999 and explicitly exposed in
2004. The basic idea is the transformation of an image to a
representation composed of "points of interest” [18-19]. This
setting has been used in diverse areas such as security, face
recognition, object recognition, among others. However, and
this must be highlighted, its use has largely diffused
recognition of same individual or identical object [20-21] so
that implementation of the SIFT for discrimination of insect
species is new and must be done with special care for natural
variants of individuals even of the same species.

In that sense, the choice of the SIFT parameterization is
based on the largest number of key points that generates and
lower processing cost, in comparison with SURF and ASIFT
e.g. [21-22]. Since the pictures do not correspond to the same
individual it was considered important to generate a large
number of key points, which describe each image and then be
exhaustive in the matching of these points.

Fig. 3. Selection of wing of interest from the nearness of center of the picture
with the center of mass of the wing
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The SIFT method is summarized by the following phases:

Construction of pyramids of Scale-Space. The reduction
image to a set of parameters invariant to scale and rotation is
achieved by creating pyramids where the scale of the
photograph is changing and there is convolution with a
Gaussian function [23-25].

The image obtained by the difference of Gaussians
highlights the edges and corners of the image, as shown in
Figure 4. Since the available images are large (1920 x 2560),

the illustration was calculated with a Gaussian with a high O
value and a square convolution matrix of order 50.

Location of key points. When the Gaussian differences are
already calculated the most of points in the image are cero.
Candidates to key points should be identified between the
higher and lower values of points different to zero. It is
important that the comparison of each point with its neighbors
is also made in the next scale. Then these are discriminated by
stability [23].



Fig. 4. Illustration of the effect of Gaussian filtering and Gaussian difference.

Orientation assignment. To assign orientation to the points (x,
y) referred keys in the previous phase; the gradient magnitude
and orientation are used [23-24].

Descriptor of key points. There is assigned to each key point a
set of characteristics among which stand out the position,
orientation and rotation of the gradient (to achieve invariance
about the rotation in 2D or 3D or changes in viewpoints in
3D). Each point has an associated matrix of 4x4x8, i.e. 128
characteristics [20-21]. The Figure 5 shows the SIFT output
for a wing image with a lot of key points.

Matching. Establish if there is correspondence between the
characteristics of a key point to the characteristics of any of
the other image, the Euclidean distance is used. This strategy
does not rule out the possibility of multiple, incorrect and no
correspondence matching, however it was considered better to
have sufficient correlation (even if they are incorrect) with
SIFT outputs and then refine assignments, so the threshold
used in the matching was relaxed slightly.

D. New Parameter Included on Matching SIFT

Discriminator parameters usually introduced in the SIFT
matching was insufficient because in many cases the matching
assignments were made incorrectly. In this situation it would
be not possible to determinate the magnitude of bad
allocations. Figure 6 shows a case where the matching was
incorrect for a large number of key points. Although it could
be argued that the photographs are not adequate regarding the
protocol capture parameters used in the preprocessing, the fact
is that this case is chaotic and suggests the need to incorporate
a more robust discriminator for the matching phase.

Fig. 5. Out of the SIFT parameterization for a photo with 4477 key points.

It is also necessary that the new discriminator can be
invariant to image size and rotation conditions because these
conditions are set by the SIFT method. It was decided to

incorporate a correspondence discriminator, which is a little
more demanding. A pair of key points identified as
corresponding in the output SIFT must also measure smaller
than a value A that is updated for each assignment.

Fig. 6. An extreme case of incorrect correspondences between the species
Cephalotrigona zexmeniae and Melipona beechei

For a key point with vector director (x;, y;) and another
key point (xy, »,) in another image, consider
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Where the ordered pair (x1¢, V1c) are the coordinates of the
center of mass of the wing of the image where (x1, y1) is the
key point and in analogy for (xp¢, ¥ »c). The constants 4; and
A, are the areas of the corresponding wings.

Fig. 7. Effect of the incorporation of the new descriptor in the correlation
between the species Cephalotrigona zexmeniae y Melipona beecheii

The value is a measure of the difference between the
parameters described in Equation (1). The parameters are
normalized ratios measured from the vector director of the key
point to the center of mass of the wing. In order to normalize
the Euclidean distance a quotient for the wing area was used.
With the incorporation of this discriminator the invariance
regarding the scale and rotation is ensured and also the
assignments where the points have very different positions
with respect to the centers of mass of the wings are discarded.
Figure 7 shows the improvement in a case where there had
been many incorrect assignments.

E. Discrimination of species

Starting from a database with photographs properly
processed in the background elimination phase and in
collaboration with biologists specializing in bee studies, a
photograph of each species was selected to create a reference
base for the system. The photos were selected carefully
assuring they were a good representation of the species, from



the biological point of view, and that previous preprocessing
phases had been perfectly successful [26]. In other words,
besides to achieving the form, color and texture requirements,
a photo should be such that the wing can be studied without
noise and the information it contains is only about the wing.

The proposed system (illustrated in Figure 8) receives a Im
image which contains a wing (or two) of a Costa Rican native
bee. Then it is processed to create another /mp image in which the
background has been removed. The next step is the application of
the SIFT parameterization to the new /mp photo, and then a
matching with each of the photos in the reference base. The
system saves the number of correspondences obtained with each
In image in the base, with this information the maximum of these
correspondences is calculated.

If the maximum of correspondence occurred with the /%
image then the photo received by the system discriminates as
the species tagged in the image at position k. Clearly some
situation could occur where the system cannot decide, if the
maximum correlation appears in several images or if it is only
in one species but its value is too small to be considered a
successful discrimination. These situations are accounted for
in the system: this would report automatically that there are
'multiple matches' or that they are 'insufficient coincidences'.
For the last situation, a minimum of experimental
coincidences N of 25 key points has been established.

The algorithm was programmed in MatLab and the vifeat
library (available in http://www.vlfeat.org/index.html) was
used for the implementation of SIFT and assignments
correlation.

IV. RESULTS

The strategy for the collection and analysis of results was
to work with a small sample of images in which the
processing of background removal were calibrated, along with
SIFT parameterization and determination of correspondences;
then the algorithm is trained on a larger sample and finally the
calculations were validated in another sample totally
independent of those images used in the earlier phases.

Table 1 shows a portion of the cross-matrix discrimination.
In the row labels the tags that identify the images present in
the sample are placed and in the column labels are the
reference images. The algorithm calculated for each image all
matches with reference images.

In order to provide clarity to the process the places where
the maximum correlation should be obtained were highlighted
with colored cells and the maximums were highlighted in red.
If the red number is in a position, which does not correspond
with the highlighted color, the result is considered a wrong.
For example, all images of Geotrigona lutzi (G. lu) species
were discriminated perfectly while 3 images of Dolichotrigona
schulthessi (D. sc) species were assigned to the wrong kind of
specie.

The implementation of the algorithm in the training phase
had a really good success rate but it was considerably far to
100%. The parameters were adjusted and the validation phase
began in an independent sample of photographs.

I, Match(Imp, 1)
1, | Match(Imp,1,)

Im = [Preprocesing] = Imp=| * i
[Prep g]=mp I, | March(tmp,1,)

1, | Match(Imp, 1)

M, = N = The bee in the photo belong to specie k

M, is unique

M, < N = Insufficient Matches
M, =max(Match) =

M, is not unique => Multiple Maches

Fig. 8. Scheme processing photo of bee wing, matching with database photos
and final decision about the species present in the photo

A sample of 459 photographs grouped into 18 species in
10 genera was used to validate the results. It is important to
clarify that the time allocated for this project did not allow
sufficient collection of specimens from the remaining 7
species to cover the stages of training and validation.
Therefore, although the algorithm is trained with 25 species,
the validation stage can only include 18. This is not alarming
because of the references consulted none have reached that
number of species discriminated.

The Table 2 shows information about the 18 species
(name, label, sample size for each specie, number of wrong
matches) and the use of weighted average for calculating the
success percent about species (86.49) and genera (97.52).

V. CONCLUSIONS AND FUTURE TASK

In the discrimination system it is expected that the success
rate is close to 100. With genus discrimination of native
stingless bees this expectation has been fulfilled, however the
percentage of identification of each species needs to improve.
This task has already begun [27], as of this writing quantifiable
data is not yet available but it is possible to offer some ideas.

Based on the information provided by expert biologists
in apiculture studies, it was decided to incorporate some
species discriminators that are not in the wing, such as
colors from other parts of the body, downiness, size of their
legs, antennae or others. The proposal is to ensure that the
system when has any 'doubts' about the species, either by the
existence of very close to the maximum of matches or
multiple matches values, it becomes a semi-aided system.

For example, it has been determined that the following
species Trigona silvestriana and Trigona fulviventris have very
similar wings that could confuse the system, however these
species differ in coloration of the abdomen. With some easy
questions to the user, without need of training or overspending
in laboratories, the system would certainly improve the
detection rate by species. However, if an algorithm is as
automated as possible is wanted, can add a geo-reference image
can be added at the system as a new discriminator parameter.



TABLE 1 PART OF THE HUGE MATRIX WITH ALL CORRESPONDENCES
BETWEEN SPECIES IN THE TRAINING PHASE

Ce. z¢ 04| DI5€07] 6. 14104 Geo. chi 02 L. da 07 |MExbE02] Me.co 03 |Na. e 06 |Na. pe 01 | Ox. me 03 [Par: or 01 |PINAOZIPINANO] Para. o 04 |SEHIIN
Ce.ze 01 59 10 23 22 0 9 18 14 11 13 17 8 11 12 25
Ceze02 [ 52 | 11 | 17 2 i) 20 1 3 10 T 3 6 18 3
Ce.ze 03 a5 9 22 20 13 1 21 11 17 2: 13 10 10 20
Ceze04 [22007 | 11 | 16 p] 7 T 9 2 9 I 2 | s B 21

Ce.ze 05 18 6 8 5 12 16 7 13 4 11 9
Ce.2e06 1 7 53 ] s 3 7
Ce.ze 07 4 6 3 4 5 10 7
Ce.ze 08 W 1 7 5 B 5 0 g
D.5c07 e 22 16 2 7 1; 15 3 o
D.sc22 1 4 12 4 8 a4 4
D.sc23 2 4 5 9 11 0 5
D.sc24 [1] [1] [i] [1] [}] [}] [}] [}]
D.5c25 T |2 T 5 5 3 5 0 10
G.lu01 21 a1 32 9 7 21 19 12 1 14 11 9 7 22
6.lu02 20 | 10 [ 0 2 v 10 2 1 0 1 P YR WV 5 2
G.lu03 9 42 1 1 9 7 16 9
G.1u04 & [z071 7 1 7 s 3 3
G.lu0s 9 4 10 12 7
G.lu06 7 3 8 8 15
G.lu07 11 4 7 13 9
G.lu08 16 9 13 12 13
Geo. chi 01 8 7 8 11 14 14 10 6
Geo. chi 02 1 11 15993 0 25 7 5 12 4
L da0s 0 19 17 33 14 5 B 17 10 17 5
L. da 06 38 13 21 29 62 22 34 24 24 17 22 17 21 20 32
Ldao7 [a0 [ 1| 18 2% || 18 I % 78 25 T Y i3 2
TABLE IL SPECIES SAMPLED, WRONG MATCHES AND PERCENTAGES OF
SUCCESSFUL DISCRIMINATION OF COSTA RICAN NATIVE BEES
Genus Specie Label Sample Errors__| Sp.Susc. | _Gen. Susc.
1| Cephalotrigona__|zexmeiae Ceze 1L 0 100 100
2 [Geotrigona Tutzi Ge.lu 3 0 100 100
3 [Lestrimelitta danuncia L da 33 0 100 100
4| Melipona Costaricensis Me.co 16 0 100 100
5 mellaria Na.me 35 2 54,2857
6 9 peri i Na.pe 5 0 100 | 95,1219512
7 |Partamona orizabaensis Par.or 3 1 56,875 56,875
B - [frontalis PLir 17 13 23,5294
5| Plebeia Fatiforms i 27 100 100
0 - pectoralis Scp.pe 37 100
Ta|coptotrigona e ariperTs Scp.su 31 1 96,7742 | 98,5294118
12 [Tetragona Ziegleri Tezi 24 3 87,5 57,5
3 Corvina Trico 30 6 80
12 Fulviventris Tri.ful 36 12 61,1111
F . [fuscipennis Trifus 32 3 50,625
16| muzoensis Tri.mu 33 100
7 nigerrima Trini 16 10 37,5
18 Silvestriana Trisi 30 9 70| 97,1751412
759 62 86,4924 7 97,5201504

On the other hand, some of the remaining tasks are the
transfer of the algorithm to a less controlled environment and
promotion of the use of the tool between meliponicultors. It
would be a great advance in the implementation of the
algorithm in a portable device if the preprocessing can
identify the bee’s wing even with the presence of the body.
Furthermore, with the design of an interface for the user and
maintenance on a server all meliponicultors and bee
researchers will have a very valuable tool.
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