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Infrared video pedestrian detection method via
Gauss modeling and convolutional neural network

Cui Shaohua Wang Xude Wang Jiangtao Shan Wei

(College of Physics and Electronic Information, Huaibei Normal University, Huaibei 235000, China)

Abstract: A joint infrared video pedestrian method is proposed based on Gauss background modeling and convolution neural network, to
address the problems of inability to extract foreground targets and low detection rate in traditional method. Firstly, for continuous
sequence infrared images, the foreground targets are extracted by the mixture Gaussian model. Then, for the foreground targets which are
occluded by pedestrians, the valley bottom of the luminance curve is used as the segmentation point. While, the single pedestrian target
area is separated by directional projection. Finally, the determined region of interest is input into the trained LeNet-7 system.
Experiments on three different test sets demonstrate that the proposed method has good detection effect. Compared with the traditional
method, the detection rate of the proposed method is over 99% , and the false alarm rate is as low as 0%.
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Fig.2  Flow chart of segmentation ROI in this paper
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Table 1 Possible network structure parameters

He wE SE Cl M N m n C3 p 0 p q cs R S r s
1 32 32 3x3 30 30 15 15

2 32 32 3%3 30 30 15 15 3%x3 13 13 6.5 6.5

3 32 32 5%5 28 28 14 14

4 32 32 5%5 28 28 14 14 5%5 10 10 5 5

5 32 32 5%5 28 28 14 14 5%5 10 10 5 5 3x3 3 3 1.5 1.5
6 32 32 5%5 28 28 14 14 3%x3 12 12 6 6

7 32 32 5%5 28 28 14 14 3x3 12 12 6 6 3x3 4 4 2 2
8 32 32 7x7 26 26 13 13

9 32 32 Tx7 26 26 13 13 Tx7 7 7 3.5 3.5

10 32 32 Tx7 26 26 13 13 5%5 9 9 4.5 4.5

11 32 32 TXT 26 26 13 13 3x3 11 11 5.5 5.5

12 32 32 9%x9 24 24 12 12

13 32 32 9%9 24 24 12 12 9%9 4 4 2 2

14 32 32 9%9 24 24 12 12 Tx7 6 6 3 3

15 32 32 9%x9 24 24 12 12 5%5 8 8 4 4

16 32 32 9%x9 24 24 12 12 5%5 8 8 4 4 3x3 2 2 1 1
17 32 32 9%9 24 24 12 12 3%x3 10 10 5 5

18 32 32 9%x9 24 24 12 12 3x3 10 10 5 5 3x3 3 3 1.5 1.5
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Table 2 Corresponding error rates of different convolution kernels and characteristic map in layer C1
FEEE
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

9%9 0.0618 0.0523 0.0197 0.0299 0.0310 0.0310 0.0405 0.0225 0.5000 0.027 4 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000
5x5 0.0330 0.0202 0.0304 0.0268 0.0305 0.3500 0.0360 0.5000 0.0310 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000
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Table 3 Optimal parameter and experimental

results of all combination in seven layers.

MG Cl X c3 Y C5 7 ENRE S R
7 5x5 2 3x3 8 3x3 7 0.0335 448
16 9x9 3 55 3  3x3 7 0.0175 63

4 LIGHER

ASCETTZ W0, S ST CPU A PR EHE 17 1 5 B
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R-CNN AYFFIREE A — A VGG-CNN-M1024 . ZF \VGG16
R 45 2 AR IR, 1k BURTR JZ Y VGG6
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HEL T AT EBRRA,

KGN Bsf (] 5K | 548 HOG+SVM H TR FH & /2 R
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Fig.4 Part of the experimental results
x4 TEER
Table 4 Experimental results
M4 ENEVRS (PN 6 TP FP FN K2/ % R Ao WU HsF 7]/ ms
HOG+SVM 98 3 2 97 1.9% 402.27
1 Fast R-CNN 101 99 2 1 98 1.0% 31.05
AT 100 1 0 99 0% 14. 88
HOG+SVM 451 9 1 98 0.2% 318. 03
2 Fast R-CNN 460 453 7 0 98.4 0% 28. 66
AT 456 4 0 99. 1 0% 14.30
HOG+SVM 200 0 0 100 0% 204.72
3 Fast R-CNN 200 200 0 0 100 0% 27.39
ARSI 200 0 0 100 0% 10.24
L0 WG T AL G B 4 P 45 B — [ R AIE PR IO S,
5 & MRRZE R, 5L GRS 150 L, AR SCH i Y LeNet-

AR SCR FH R 3T T S A 1) T R A MR bR
Al TR AT SO ) A XA TN AR Y B 1
B, 75 R ST SR 1 7 vk 25 T R S R R AT
N7 ROL 4385, e Je R N ZR U519 LeNet-7 RZGEXT ROI
AT 2ER 5], X T LeNet-7 255, i TS 5000 %k
SERREAL , TE S/ IR I B 15 23 110 52 50 50 v A VR )
HIEE BB RN FRIE RN, %S BRI T

7 ZRGURA B BRI AR RAR G AT R, SR, AR SC
J7 A P — AR A 23 6], ISR 2 A9 SR 4 Rk
B AT N A7 R I A SO B ATS 9K 0 128 i
s HARH ) ROT 20 B, S ECR G ICIE IE AN, [H I, 7
TR T AR, B ik — 2D B 5T 5 X5 3 BE P 14T A
ROT AT 7385, It — 20 el TR B2 A A 22 M 45, B v 20
SN T A IE A R
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