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Real-Time Face Detection Based on Single Neural Network

XIONG Hanying, LU Tongwei' ,MIN Feng ,JIANG Chongyu
School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China

Abstract: To improve the limited speed of face detection algorithm on central processing unit (CPU ) caused by
the diversity of the facescales, we proposed a real-time face detection method based on a single neural network.
Firstly, a large convolution kernel and step size were used in the initial convolution and pooling layers, which
were able to reduce the size of input images. Then, the shallow and deep feature maps were merged to enhance
the context-connection and reduce repeated boxes. Finally, we predicted the face location based on the output of
different convolution layers. By using the strategy of overlapping prediction boxes, our method is able to improve
the detection accuracy of the smaller size face of input images. Experimental results on face detection dataset
and benchmark and annotated face dataset in the wild achieve accuracies of 92% and 95.4% , respectively.
Above all, our face detection technique can achieve a high detection speed of 21 frames per second on CPU,
which can satisfy real-time detection requirements.
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Fig. 1 Structure diagram of face detection network
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Fig. 3 Modules of feature map fusion:

(a)Inception 1 and 2, (b) Inception 3 and Conv 3
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Tab. 1 Parameters of face detection in multi-scale
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Tab.2 Accuracy comparison of different fusion methods

BEHY 24 B ST E5 R
AR SR A BT 0.954

AT AT 1 0.931

XF LEASE T 2 0.948

222 AR E AT O RUE A SO i S
Bf %, XF e T ACF . Jiont Cascade, MultiresHPM .
MTCNN Fl Faceboxes 5t AR K5 il 75 % o DA 4%
i N TEIG RS T 288 G 0 Az R 70 G 00 3 B A
TR o A AN 30 A CPU BRBE T A I 5 J32 %)
o, 3 pos o 3R 3 A, 7E CPU TR AR R /)
o 640%480 15 3 1Y R , AR SCELIE RS L HLAt 5 F 5
VA TR 28 ARG I 3] 1) NG RS e/ s HL 3 e e

®3 ERWGNEERDR R
Tab. 3 Comparison of detection speed and time with

different algorithms
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