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Development of Combined Architecture of Multiple Deep Convolutional
Neural Networks for Improving Video Face Identification

Kyeong Tae Khni Jae Young Choi'"

ABSTRACT

In this paper, we propose a novel way of combining multiple deep convolutional neural network (DCNN)

architectures which work well for accurate video face identification by adopting a serial combination
of 3D and 2D DCNNSs. The proposed method first divides an input video sequence (to be recognized)
into a number of sub-video sequences. The resulting sub—video sequences are used as input to the 3D

DCNN so as to obtain the class—confidence scores for a given input video sequence by considering both

temporal and spatial face feature characteristics of input video sequence. The class—confidence scores

obtained from corresponding sub-video sequences is combined by forming our proposed class—confidence
matrix. The resulting class—confidence matrix is then used as an input for learning 2D DCNN learning
which is serially linked to 3D DCNN. Finally, fine-tuned, serially combined DCNN framework is applied
for recognizing the identity present in a given test video sequence. To verify the effectiveness of our

proposed method, extensive and comparative experiments have been conducted to evaluate our method
on COX face databases with their standard face identification protocols. Experimental results showed
that our method can achieve better or comparable identification rate compared to other state-of-the-art

video FR methods.

Key words: Video Face Identification, Face Sequences, Deep Convolution Neural Network, Class
Confidence Matrix, Network Combination
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Fig. 1. An overview of the proposed 3D—2D combined deep convolutional neural network (DCNN) architecture for
improved video face identification,
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Fig. 2. Visualized examples of 2D and 3D convolution/pooling operations, (a) Applying 2D convolution on image
results in an images. (b) Applying 2D convolution on a video volume(multiple frames as multiple channels),
(c) Applying 3D convolution on a video volume results in another volume, (d) Applying 2D pooling on image
results in an images. (e) Applying 3D pooling on a video volume results in another volume,
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Table 1. Structure of 2D deep convolutional neural network

no. Layer type Description no. Layer type Description

1 input F input 14 relu

2 conv-32 3x3x32;p=1,st=1 15 maxpool 2x2;st=2

3 relu 16 conv-512 3x3x512;p=1,st=1
4 maxpool 2x1;st=2 17 relu

5 conv-64 3x3x64;p=1,st=1 18 conv-512 3x3x512;p=1,st=1
6 relu 19 relu

7 maxpool 2x1;st=2 20 maxpool 2x2;st=2

8 conv-128 3x3x128;p=1,st=1 21 FC-4096 2x2x4096

9 relu 22 relu

10 maxpool 2x2;st=2 23 FC-4096 1x1x4096

11 conv-256 3x3x256;p=1,st=1 24 FC-last 1x1x Num. of Class
12 relu 25 softmax—loss

13 conv-256 3x3x256;p=1,st=1
§i = argmax(g; ) ) gon HiE

ATl A AR W2 vt dFAEe] A
3 %7]—& w@o] Ab8-E &= COX Face Hl o] EjH]|o] 2
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2x(Caml,23)7} o™ d2F Yl izl A=
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U2 Adas HFH02 170 ZH Yo 4oz
T = Fig. 42 A A88 G749 I
& RojEh C3D 214310l AlE2 3717 k=16

S

)4

o}, Q]'/\ Al J]'T’/l":’] B+ &% S %(learning rate)
0.0001, 7}=X ZFA(weight decay) 0.0005, =% &
(momentum) 0.9, ¥} X =7](batch size) 16, o] £ =
(epoch) 100022 43314 ),
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i
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1 <12] & (identification rate)= Table 20 EZ A ]
o] Atk Table 20149 AF Hlae S-V, PHo
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Fig. 4. Example of cropped and aligned facial images in video sequence from COX face database,
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Table 2, Rank—1 Identification Rates(%) Under the S2V Setting for Different Methods on the COX Face Database

Video 1(S-V1)

Video 2(S-V2)

Video 3(S-V3)

(Class Confidence)

PSCLI18] 36.39+1.61 30.87+1.77 50.96+1.44
LERMI19] 49.07+1.53 44.16+0.94 63.83+1.58
VGG Facel15] 69.61+1.46 68.11+0.91 76.01£0.71
CFR-CNNI20] 85.32+0.8 84.93+1.2 9152409
CCM-CNNI[21] 88.65+1.1 87.82+0.8 92.13+0.9
Center LDA[22] 86.85+N/A 88.58+N/A 95.86+N/A
TBE-CNNI[7] 88.24+0.40 87.86+0.85 95.74+0.67
Pr((’ii‘(’:sef‘iaﬁfte})“’d 83.44+1.81 82.98+1.22 89.2141.85
Proposed Method 87.84+1.43 87.23+0.97 94.95+1.36

*FC: Fully—connected
*N/A: Not available
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Fig. 5. Visualization of feature (activation) maps from a selected layer of our 3D—DCNN trained on C3D [10] network,
Herein, the strongest activations for the selected conv2 layer are displayed. Feature maps generated using
grayscale input image sequences are shown above,
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