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Abstract: Kinship verification has seen extensive applications in recent years, such as determination of the identity

of a suspect and finding missing children. Recent research has demonstrated that machine learning algorithms can

handle kinship verification fairly well. However, kinship verification has remained a major challenge in the field of

computer vision, answering such questions as which parents a child in a photo belongs to. Understanding such

questions would have a fundamental impact on the behavior of an artificial intelligent agent working in a human

world. To address this issue, a random bilinear classifier (RBC) for kinship classification was presented by

effectively exploring the dependence structure between child and parents in two aspects: similarity measure and

classifier design. In addition, the stability of the random selection of samples was ensured by imposing the

constraint of the similarity of those non-kin relationship image groups. Extensive experiments on TSKinFace and

Family101 show that the proposed method can obtain better or comparable results.
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Tab. 1 Correct classification rates(%) for different

methods on the FM-S relation of the TSKinFace database

Rank SVM KNN SRC R_SBM

15.0 15.8 30.9 31.8
(0.4660)  (0.6674)  (0.8357)  (0.8910)

. 29.3 40. 2 53.6 58.5
(1.4460)  (1.9883)  (1.3249)  (1.3861)

10 39.6 56.7 69.3 73.7
(1.8255)  (1.6503)  (1.2864)  (1.3153)

15 50.1 65.3 78.9 80.7
(1.7105)  (1.4948)  (1.1351)  (0.725D)

20 57.4 71.3 84.2 86.9
(1.8822)  (1.1421)  (0.5141)  (0.3519)

%2 A7 AT TSKinFace FE FM-D £ & FHEER
Tab. 2 Correct classification rates(%) for different

methods on the FM-D relation of theTSKinFace database

Rank SVM KNN SRC R_SBM

) 10. 8 11. 0 23.9 29.1
(0.2748)  (0.8788)  (0.6261)  (0.3182)

: 22.5 32.1 51.6 56. 6
(1.0297)  (0.9048)  (1.1123)  (1.2934)

10 34.7 46. 2 66. 3 72.2
(1.0865)  (0.6524)  (0.6994)  (1.2366)

15 44. 8 59.2 75.3 79.5
(1.0588)  (0.5596)  (0.3715)  (0.9970)

50. 2 66. 5 81.1 86.5
(0.7346)  (0.3954)  (0.6703)  (0.6404)
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Fig. 2 Ilustration of the construction of a new test dataset

using the face images from the Family101 database,

(upper row: parents; lower row: two children)
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Tab,3 Correct classification rates(%) for different
methods on Familyl01 database

Rank SVM KNN SRC R_SBM

1 6.0 9.9 10. 2 14. 4(0. 4382)
5 22.7 26.9 31.2 43. 8(1.3762)
10 41.7 51. 3 57.1 63. 2(0. 3194)
15 56. 9 62.1 68.0 75.0(0. 8192)
20 70. 8 7.7 75.1 82.6(0.6783)
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