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Abstract

In this paper, we propose the face anti-spoofing method based on combination of luminance and chrominance with convolutional
neural networks. The proposed method extracts luminance and chrominance features independently from live and fake faces by using
stacked convolutional neural networks and auxiliary networks. Unlike previous methods, an attention module has been adopted to
adaptively combine extracted features instead of simply concatenating them. In addition, we propose a new loss function, called the
contrast loss, to learn the classifier more efficiently. Specifically, the contrast loss improves the discriminative power of the features
by maximizing the distance of the inter-class features while minimizing that of the intra-class features. Experimental results
demonstrate that our method achieves the significant improvement for face anti-spoofing compared to existing methods.
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H1. 2 =20IM & F=2 flof AR2E MF BdE MZT FE OV,
CNN,,, CNN,,. conv(w, s, N) 2 AE2}0|=(stride) s2 wxw =& 57|
£ 7K NJHe| EEV} 9l eid&E AIES UEHHCE pool(w, s) 2 2E2I0|=
s, wxw Zd 37]9 2 E& AZS 0[St

Table 1. Details of the network architecture used in this paper. conv(w,
s, N) denotes convolution layer which has N filters of size wxw with
stride s. pool(w, s) is a wxw max-pooling layer with stride s;ReLU is
used as the non-linear activation function.

CNN for Y CNN for Cb CNN for Cr
space space space
(CNN) (CNN,) (CNN,)
Input 112x112x1 112x112x1 112x112x1
Conv-1 conv(3, 1, 32) conv(3, 1, 32) conv(3, 1, 32)
Pooling-1 pool(3, 2) pool(3, 2) pool(3, 2)
Conv-2 conv(3, 1, 64) conv(3, 1, 64) conv(3, 1, 64)
Pooling-2 pool(3, 2) pool(3, 2) pool(3, 2)
Conv-3 conv(3, 1, 128) conv(3, 1, 128) conv(3, 1, 128)
Pooling-3 pool(3, 2) pool(3, 2) pool(3, 2)
Conv-4 conv(3, 1, 256) conv(3, 1, 256) conv(3, 1, 256)
Pooling-4 pool(3, 2) pool(3, 2) pool(3, 2)
Conv-5 conv(3, 1, 512) conv(3, 1, 512) conv(3, 1, 512)
Pooling-5 pool(3, 2) pool(3, 2) pool(3, 2)

Layer)22 +A = o] 9], ReLU(Rectified Linear Unit)
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Table 2. Details of the classifier and the auxiliary networks used in this paper. fc(N) is a fully connected layer with N neurons.
Auxiliary Network for Auxiliary Network for Auxiliary Network for Classifi
CNN, CNN,, CNN,, asstier
Input 3x3x512 3x3x512 3x3x512 3x3x1536
FC-1 fc(2048) fc(2048) fc(2048) fc(2048)
FC-2 fc(1024) fc(1024) fc(1024) fc(1024)
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Table 3. EERs comparison of the proposed convolutional neural net-
work according to the input image

Methods Equal Error Rate(EER) @A\ =0.1, A ;v =0.5
Y 6.44%
YCbCr 2.93%
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Table 4. EERs comparison of the proposed convolutional neural network according to the auxiliary loss weight value

Equal Error Rate(EER) @A, =0
Methods
Aapx =0 Aqpx =025 Aapx =05 Ay =075
Without SE block 4.56% 4.48% 4.04% 4.15%
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Table 5. EERs comparison of the proposed convolutional neural net-
work according to the contrast loss weight value and attention module

Equal Error Rate(EER) @A,y =0.5

Methods Ae=0 Ae=0.01 Ao =01

Without SE block 4.04% 3.92% 3.33%

With SE block 3.74% 3.56% 2.93%
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Fig. 4. Top: live faces detected as fake. Bottom: fake faces detected
as live
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