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011 Abstract tion protocol is still lack so that it is difficult to comparieet 065
012 performance of different kinship verification methods. To 066
013 Kinship verification from facial images in wild condi- this end, we organize the Kinship Verification in the Wild 067
014 tions is a relatively new and challenging problem in face (KVW’14) Competition: the first kinship verification com- 068
015 analysis. Several datasets and algorithms have been pro-petition which is held in conjunction with the Internation- 069
016 posed in recent years. However, most existing datasets areal Joint Conference on Biometrics 2014, Clearwater, Flori- 070
017 of small sizes and one standard evaluation protocol is stil- da, USA. The key goal of this competition is to compare 071
018 I lack so that it is difficult to compare the performance of the performance of different methods on a new-collected 072
019 different kinship verification methods. In this paper, we dataset with the same evaluation protocol and develop the 073
020 present the Kinship Verification in the Wild Competition: first standardized benchmark for kinship verification in the 074
021 the first kinship verification competition which is held in wild. 075
022 conjunction with the International Joint Conference on-Bio The remaining of this paper is organized as follows: Sec- 076

023 metrics 2014, Clearwater, Florida, USA. The key goal of tion 2 overviews the existing works on kinship verification 977
024 this competition is to compare the performance of different via face images. Section 3 introduces the newly collect- 078

025 methods on a new-collected dataset with the same evaluaed dataset and experimental protocol. The baseline method 979
026 tion protocol and develop the first standardized benchmark and results are presented in Section 4. Section 5 presents 980
027 for kinship verification in the wild. the evaluation results of all participants’ methods. Sxcé 081
028 summarizes the results obtained by different participahts 082
029 the competition. Finally, Section 7 concludes the paper. 083
030 1. Introduction o4
031 o . . . 2. Overview of Existing Works 085
032 Kinship verification via face images is a relatively new 086
033 problem in biometrics. Compared to most existing conven-  Over the past five years, several kinship verification vi- 087

034 tional facial image analysis such as face recognition[37,3 a face images approaches have been proposed in computeross
035 34,4,15, 27, 20, 32, 5, 26], facial expression recognitfon [ vision and biometrics [11, 35, 31, 39, 36, 18, 40, 23, 10, 089
036 12, 38], facial age estimation [16, 13, 17, 24, 14, 24], gen- 25]. Generally, these methods can be categorized into t- 090
037 der classification [28, 29] and ethnicity recognition[38],1 ~ wo streams: descriptor-based [11, 39, 40, 18] and simjlarit 091
038 there are very limited attempts on kinship verification from |earning-based [35, 36, 31, 25]. For descriptor-based meth 092

039 facial images in the literature. There are many potential ap ods, some important cues such as skin color [11], histogram 093
040 plications for kinship verification such as family alboum or- of gradient [11], Gabor gradient orientation pyramid [40], 094
041 ganization, social media mining, and missing child search. salient part [23], self-similarity [18], and dynamic expre 095
042 Recently, the performance of kinship verification by hu- sions [10], are usually employed for face representation. 096
043 mans has been studied in psychology [2, 7, 8, 9, 21, 22],For similarity learning-based methods, subspace and met- 097
044 and one important observation was found: human faces camic learning are used to learn a semantic feature space to 098
045 convey some important cues to identify the kin relations of better measure the similarities of face samples. Reprasent 099
046 persons. Inspired by this observation, computer vision re-tive such algorithms include transfer subspace learnifpg [3 100
047 searchers started to investigate the problem of kinship ver and neighborhood repulsed metric learning [25]. Table 1re- 101
048 ification from facial images in recent years, where the ob- views existing kinship verification methods which were p- 102
049 jectives is to develop computational models and algorithmsresented over the recent five years, where their performance 103
050 to verify human kin relations. is evaluated by the mean verification rate. While the per- 104
051 Several benchmark datasets for kinship verification are formance of different methods cannot be compared directly 105

052 available [11, 35, 25]. However, the sizes of most existing because of different datasets and protocols, we still sge th 106
053 kinship datasets are small. Moreover, one standard evaluathere has been substantial improvement in kinship verifica- 107


Modesto
Nota adhesiva
Marked definida por Modesto


IJCB 2014

108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 1. Performance comparison of recent kinship veriioanethods.

Method Feature representation Classifier| Dataset Accuracy (%) | Year
Fanget al.[11] Local features of face parts KNN Cornell KinFace 70.7 2010
Xia et al.[35] Transfer subspace learning KNN UB KinFace 60.0 2011
Zhouet al.[39] Spatial pyramid local feature SVM 400 pairs (N.A.) 67.8 2011
Xia et al.[36] Context feature with transfer learning KNN 296 pairs (N.A.) 79.9 2012
Kohli et al.[23] Self similarity of Weber face SVM 272 pairs (N.A.) 74.1 2012
Lu et al.[25] Local feature with metric learning SVM KinFaceW-I /Il 69.9/76.5 | 2012
Dibekliogluet al.[10] | Dynamic spatio-temporal appearances SVM 228 pairs (N.A.) 72.9 2013

tion in recent years. Moreover, we believe there is consid- veloped kinship verification methods. The verification sate

erable space for further improvement.

3. Dataset and Protocol

In this competition, we collected a large face kinship
dataset by the online web search, where several hundreds

public figures’ face images and their parents’ or children’s

amine four different kin relations: Father-Son (F-S), Eath

images for each of the four relations. In the validation set,

and receiver operating characteristic (ROC) curves of dif-
ferent kinship verification methods are compared for evalu-

ation.

o Baseline Results
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In our competition, we provide a baseline method which 180
face images were crawled. The face images were collecteq;ses the LBP feature representation and the cosine similari 181
without restriction in terms of pose, expression, illumina ty for kinship verification. For each face image, we densely 182
tion, background, age, ethnicity, and occlusion. We define sampled 6 x 16 blocks with the stepsize of 8 pixels, andwe 183
kinship as a relationship between two persons who are bio-can gbtain 49 blocks in each whole face. For each block, we 184
logically related with overlapping genes. Therefore, we ex extracted a 59-dimensional uniform pattern histogram fea- 185
ture by following [1] to describe each image block. Then, 186
Daughter (F-D), Mother-Son (M-S) and Mother-Daughter we concatenated features extracted in all blocks to form a 187
(M-D). We provided three sets in this competition: train- 2891-dimensional feature vector for final feature represen 188

ing set, validation set and testing set. In the training set, tation. Figure 3 shows the verification rate and ROC curve 189
we construct 300 positive and 300 negative pairs of Kinship of gur baseline method.

we provided 50 positive and 50 negative pairs of kinship 5 Participants’ Results
images for each of the four relations. In the testing phase,

we provided 600 image pairs for each kinship relation for

ease of use, we manually labeled the coordinates of the eye-

190
191
192
193

In total, four participants contributed to the competition 194
evaluation. There is no overlap between different sets. ForThen, we briefly describe the submitted methods.

195

Kou et al. proposed a similarity learning based kinship 196

s position of each face image, and cropped and aligned fa-verification method. They used the HOG feature descriptor 197

cial region into64 x 64 so that the competition participants

ing to precisely localize facial fiducial points. Figuresrida

2 show some positive and negative image pairs for differ- feature vector for face representation. In order to effetyi

to describe each face image. Specifically, each face image 198
can focus more on the kinship verification algorithms de- was divided int&8 x 8 non-overlapped blocks and the size 199
velopment rather than face alignment because face imagesf each block i3 x 8. For each block, they extracted a 9- 200
in our dataset were captured in the wild and it is challeng- dimensional histogram feature. Then, they concatenatedth 201
features extracted from each block into a 576-dimensional 202

203

ent kin relation in our dataset, where images from top to measure the kin similarity for a given pair of facial images, 204
bottom are from the F-S, F-D, M-S and M-D kin relations, they proposed to explicitly learn a similarity function in- 205
stead of the commonly-used distance metric. Specifically, 206
Generally, there are two protocols in verification tasks: the similarity function was represented by a bi-linear func 207

respectively.

closed-set and open-set [3]. In this competition, we de- tion parameterized by a transform matWX, which is not

208

signed an open-set verification protocol because we expechecessary to be semi-positive define or symmetric. The ob- 209
the designed kinship verification systems can verify where jective to learnW is to minimize a hinge loss of the labeled 210
there is a kinship relation for a new face pair without re- triplets from the training set, combined with a low-rank+eg 211
ularization of W. Finally, W is obtained by a stochastic 212

designing the verification system. Specifically, the tragni
set is used to learn the model and the validation set is em-gradient descent algorithm.
ployed to tune the parameters of the models. The testing set Castrillon-Santanat al. proposed a local feature based 214
is used to evaluate the generalization capability of the de-kinship verification approach. Specifically, they used¢hre 215

213
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254 Figure 2. Several negative examples of our r dataset. Frortu)tbpttom are the F-S, F-D, M-S and M-D kin relations, and teighboring 308
255 two images in each row are without the kin relation, respebti 309
256 310
257 311
258 local features including LBP, Local Salient Patterns and three feature selection methods including the minimum- 3>

259 HOG for face representation, where each face image wasRedundancy-Maximum-Relevance (mMRMR), optimal m- 35
260 divided into5 x 5, 5 x 5, and8 x 8 blocks, respective- RMR, and the modified Sequential Forward Floating Selec- 314

261 ly. The intersectional kernel was employed to computer the tion method to select the most informative features. Bpnall 515
262 similarity of each face pair. Finally, the SVM classifier was the SVM classifier was used for classification. 316
263 used for classification. Ghahramanét al. proposed a local feature based kinship 317
264 Bottino et al. proposed an attribute combination method verification approach. They employed Uniformly-sampled 318

265 for kinship verification, where geometric and both glob- Thresholds for LBP (UTLBP) to extract features fromfaces. 319
266 al and local textural features are defined as the attributesSince conventional LBP does not fully capture the detailed 320
267 In their method, Planar Projection Summation Invariants information of the relative pixel information, UTLBP can 321
268 (PPSI), Weber Local Descriptor (WLD) and SIFT features extractinformation of the surrounding pixels intensitytie 322
269 extracted for each face image. They further employed centre pixel to reflect facial similarity among faces inafam 323
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343 397
344 ily. They used different thresholds in the step functioneTh in the future, the KVW 2014 organizers are keeping the ...
345 vector size of each LBP was also reduced by implement-dataset available through their online repository, ang the ..
346 ing LMNN and selection of the top 20 features. Another will continue to update the new progress on this datasetin
347 shortcoming of using histograms is lack of spatial location the future. 401
348 Due to low resolution of photos, they divided the image into  One important message to convey in this competitionis .,
349 four rectangles by using the Perpendicular bisector ofithe that one can learn what are the current trends and state-of- , .
350 andy dimension. The top 20 features of UTLBP descrip- the-arts in this field. For instance, three teams partiegpat .,
351 tor are then concatenated from each of four divisions. Thein this competition used the SVM classifier and the other .
352 threshold adjustment is the uniform sampling in the range one used the similarity learning technique. According®th -
353 [—50, 50] with the step of 25. Hence they got 200 features in results, it is derisible to combine both of these technidaes .
354 the end for each face that is smaller than using the conven{urther improve the verification performance. 408
355 tional LBP on the whole face. The scores were calculated _ 409
. using SVM. 7. Conclusion 0
357 _ Table 2 tabulates the verification rates of different par-  1pig paper describes the kinship verification in the wild 411
asg  ticipants on our kinship dataset, and Figure 4 shows thegompetition: the first kinship verification competition del 412
359 ROC curves of different participants obtained on different i, conjunction with the International Joint Conference on 413

360 subsets, where “CNU", “ULPGC”, “POT", and “Oulu” de-  jometrics 2014, Clearwater, Florida, USA. The main chal- 414
361 note Capital Normal University, Universidad de Las Palmas lenge of the competition is to verify whether there is a kin 415

362 de Gran Canaria, Politecnico di Torino, and University of |q|ation for a given pair of face images which were cap- 416
363 Oulu, respectively. According to the results shown in Ta- y,req in the wild. In this competition, the largest face kin- 417
364 ble 2 and Figure 4, we are pleased to announce that theynis gataset is provided and a standard protocol and bench- 418
365 winners of this competition are the participants from CNU a1y is presented. In total four participants submitted to 419
366 and ULPGC as they achieved the same mean verificationy,s competition, we can see that current technology i stil 420

367 rate. Moreover, one of them achieved the best verification enough to produce reasonably good results and there is 421
368 rate on two subsets (F-S and M-D) and another obtained they,,ch space for further improvement. 422
369 best results on the other two subsets (F-D and M-S). 423
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Table 2. The verification rates (%) of different particigman our kinship dataset.
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