Journal of Korea Multimedia Society Vol. 23, No. 8, August 2020(pp. 1019-1029)

https://doi.org/10.9717/kmms.2020.23.8.1019

Compressed Ensemble of Deep Convolutional Neural Networks with
Global and Local Facial Features for Improved Face Recognition

Kyung Shin Yoon*, Jae Young Choi'"

ABSTRACT

In this paper, we propose a novel knowledge distillation algorithm to create an compressed deep
ensemble network coupled with the combined use of local and global features of face images. In order
to transfer the capability of high-level recognition performances of the ensemble deep networks to a
single deep network, the probability for class prediction, which is the softmax output of the ensemble
network, is used as soft target for training a single deep network. By applying the knowledge distillation
algorithm, the local feature informations obtained by training the deep ensemble network using facial
subregions of the face image as input are transmitted to a single deep network to create a so-called
compressed ensemble DCNN. The experimental results demonstrate that our proposed compressed
ensemble deep network can maintain the recognition performance of the complex ensemble deep networks
and is superior to the recognition performance of a single deep network. In addition, our proposed method
can significantly reduce the storage(memory) space and execution time, compared to the conventional
ensemble deep networks developed for face recognition.

Key words: Face Recognition, Local Features, Global Features, Soft Target, Ensemble Neural Network,
Knowledge Distillation, Deep Convolution Neural Network
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Fig. 1. An overview of the proposed face recognition
framework which uses knowledge distillation
from an ensemble DCNN based on local facial
region for improving face recognition perform—
ance.
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Table 1. Recognition accuracy of the proposed com—
pressed ensemble DCNN when using VGG
model (as base model) with respect to change
of weight a ranging from 0.5 to 0.9 with step
size of 0.1
Weight « Recognition Accuracy (%)
a =05 75.31
a =06 79.39
a =07 85.51
a =08 89.59
a =09 97.76
Table 2, Recognition accuracy of the proposed com—
pressed ensemble DCNN when using ResNet
model (as base model) with respect to change
of weight « ranging from 0.5 to 0.9 with step
size of 0.1
Weight o Recognition Accuracy(%)
a =05 91.25
a = 0.6 92.81
a =07 94.37
a = 0.8 95.94
a =09 97.33
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Table 3. Comparison of face recogntion accuracy between the proposed compressed ensemble DCNN and the other
deep learning models depending on the approach of applying the input face images. Note that in our method,
VGG16 was used as base model and a=0.9 in Eq. (4)

Type of Model Input Recognition Accuracy(%)
Fine-tuned DCNNV, R1 Local region (see Fig. 1) 77.22
Fine-tuned DCNN, R2 Local region 77.34
Fine-tuned DCNN; R3 Local region 71.23
Fine-tuned DCNN, R4 Local region 73.26

Ensemble DCNN Global + Local region(R1-R4) 98.95

Single DCNN Global 93.67

(Comprzgzggsgisl\e/[riﬁdeCNN) Gilobal 9116

*DCNN: VGG16
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Table 4, Comparison of face recogntion accuracy between the proposed compressed ensemble DCNN and the other
deep learning models depending on the approach of applying the input face images. Note that in our method,
ResNet101 was used as base model and a=0.9 in Eq. (4)

Type of Model Input Recognition Accuracy(%)
Fine-tuned DCNN, R1 Local region 76.41
Fine-tuned DCNN, R2 Local region 70.93
Fine-tuned DCNN; R3 Local region 74.06
Fine-tuned DCNN, R4 Local region 74.84

Ensemble DCNN Global + Local region(R1-R4) 98.66

Single DCNN Global 95.15

(Comprzgzggsgisl\e/[riﬁdeCNN) Global 9733

*DCNN: ResNetl101

Table 5. Comparison of the recognition execution time and the size of memory storage required for single DCNN,
typical ensemble DCNN, and the proposed compressed ensemble DCNN

e of o i e | Tt excuton | i f emon s
Single DCNN Global 0.1468 sec 674.7 MB
Ensemble DCNN . Localciogbiiln(Rl—R 1) 0.6452 sec 3,373.5 MB
(Cormpreseed Bnsemble. DCM Globe 01628 sec 6747 MB
*DCNN: VGG16, MB: mega byte
Titan X(pascal) Galactic Empire D5X 12GBE, CPU GdE E9YS v Yo FIANNE 1HT FFE
+ Intel(R) Core(TM) i7-6850K CPU @ 3.60GHzE 29 1A FYPAZL F 06452 =, WY I
AR8et e, RAMS 442 DDR4 16G PC4- YHOE sh= e A5 o 9 3 AT H
19200 x 8/NE AHg-3tFTh W EE I 45 4174 o A4 AL 01628 22 2F 394 w2 3
we 5 o AgtEe ZE SeuEe 718 & A7t 7bsstth
el 24l A ZZ 2 E(checkpoint)E &3} ANG A@AHRES T3l G AFEEFAUA
o 2715 FAHAL, I FF A HZE 9 Wi e G5 AT EEAATe] 2 HESY
e EYS Yo R ¥ A S s 7R 9 I Fx)I 2L HAY S YYoE Folx EF
289 E AA S el 45 94 3 A9 stal, @ AFdAFAA TS 71E9 cross-en-
A28 5+ o A Aot W E A & (parallel pro- tropy £AFE AHE3tA WY EATS TFatA
cess)7F b A4 A & (serial process)E $the 7t T AFE A4S ATHEFAEEE £ ZE BlS
A st A9 g Ao EAE shEstr] HAsh o AN A&t EATTE Frlkst 8 AFEAEE
ol R FAE FE R vy A I3 AT A2e Mol AHEARE T5goR
F71E 33735 MB, 93 A9 E4& FAl T A ol AR sty Q1 HeS AT
stAIRE shte] md R FAEE A GFE AFER Aes Btk B 48 AR d5s FAs
oF 5wl §F= AA AR F3H A AZLE A Y F AeS

g2 5747 MBE wWl®2g & 31
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