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ConvNet Configuration
A A-LEN B C D B
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers larers layers

Inpua(224%224 ROB image)
Copvi-64 | Conv3-64 | Convi-64
Conpvi-64 Convi-64 Conv3-64

Convi-64

Convi-64 | Conv3-64
LEN Convi-64

maxpool
Cooav3-128 | Conv3-128
Conv3-128 | Conv3-128

Conv3- 128
Comv3-128

Conv3-128

Conv3:-128 | Conv3-128
Conv3-128

Conv3-256 | Conv3-256 | Comv3-256 | Conw3-256 | Comv3-256 | Conv3-256
Conv3-256 | Conv3.256 | Conv3-256 | Conv3.256 | Comv3-256 | Comvi-256
Convl-256 | Conv3-256 | Conv3-256
Convi-156

Conv3-512 | Conv3-512 | Conv3-512 | Comv3-512 | Comv3-512 | Conv3-512
Conw3-512 | Conv3-512 | Conv3-512 | Comv3-512 | Comv3-512 | Convi-512
Convl-512 | Conv3-512 | Convi-512
Convi-512

maxpocl
Conv3-512 | Conv3-512 | Conv3-512 | Conv3.512 | Conv3-512 | Conv3-512
Conv3-512 | Conv3-512 | Conv3-512 | Comv3.512 | Comv3-512 | Conv3-512
Conv1-512 | Conv3-512 | Conv3-512
Conv3-512

maxpool
FC-4096
FC-40%6
FC-4096
Soft-max
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ConvNet Smallest image side top — 1 val top -5 val
config Train(S) Train( Q) error/ %  error/ %
B 256 224 256,288 28.2 9.6

256 224,256,288 27.7 9.2

C 384 352,384,416 27.8 9.2
[256;512] 256,384,512 26.3 8.2

256 224,256,288 26.6 8.6

D 384 352,384,416 26.5 8.6
[256;512] 256,384,512 24.8 7.5

256 224 256,288 26.9 8.7

E 384 352,384,416 26.7 8.6
[256;512] 256,384,512 24.8 7.5
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Multi-Scale Face Detection Based on Full Convolution Neural Network
CHU Huimin' , YANG Huicheng' ,ZHANG Li* ,PAN Yue'
(1. School of Electrical Engineering, Anhui Polytechnic University, Wuhu, Anhui 241000, China;
2. Anhui Huadong Photoelectric Technology Institute Co. Ltd. , Wuhu, Anhui 241000, China)
Abstract ; In the report, aimed at detecting faces quickly and accurately, a multi-scale face detection method
based on full Convolutional Neural Network ( CNN ) is proposed. Firstly, the full connectivity layer of the convolu-
tional neural network model VGG is changed to full convolution layer. Secondly,the layer is divided into two cat-
egories of face and non-face. Finally, when the trained classification model is used for face detection, the image
to be detected is input to the full convolutional network through multi-scale transformation to obtain the probabili-
ty characteristic figure, and the most accurate face frame is obtained by the inhibition of non-maximal value. The
experimental results show that the proposed algorithm has high detection accuracy, short detection time and good
performance in face detection.

Key words : convolutional neural network ,face detection, VGG, multi-scale transformation
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