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A Method of Pedestrian Detection Based on Improved CNN in
Single-frame Infrared Images

CUI Shaohua, LI Suwen, HUANG Jinle, SHAN Wei
(College of Physics and Electronic Information, Huaibei Normal University, Huaibei 235000, China)

Abstract: We proposed an improved method of pedestrian detection in infrared images based on the
LeNet-7 system, to address the problems of large computation and low detection rates in traditional methods
based on a full convolution neural network. The system consists of three convolution layers and three
pooling layers. The trail selection method with the smallest error rate is used to determine the parameters of
each layer, while the BU-TIV database, established by Boston University, is used to train the system. Firstly,
the Object Tracking and Classification in and Beyond the Visible Spectrum(OTCBVS) and Terravic Motion
IR Database, established by Ohio State University, are used to test images. Then, the region of interest (ROI)
is obtained by vertical and horizontal projection with adaptive thresholds. Finally, the ROI is input into the
trained system for testing. Experiments on three test sets demonstrate that the proposed method has good
recognition ability. Compared with different experimental methods, the proposed method can effectively
improve the detection rate.
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Table 1 Corresponding error rates of different convolution

kernels and characteristic map in layer C1

Convolution kernel

3X3 5X5 TX7 9X9

Feature map

1 0.0327 00330 0.0420 00618
2 0.0260 05000 0.0473 00523
3 0.0420 00202 0.0395 00310
4 0.0422 00268 0.0415 00299
5 0.0289 00305 0.0411 00310
6 0.0431 03500 0.0353 NOWAIGY
7 05000 00360 0.5000 0.0405
8 05000 05000 0.0377 00225
9 05000 00310 05000 05000
10 05000 05000 0.5000 00274
11 05000 05000 0.5000 05000
12 05000 05000 0.5000 0.0331
13 05000 05000 0.5000 05000
14 05000 05000 0.5000 05000
15 05000 05000 0.5000 05000
16 05000 05000 0.5000 0.5000
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Table 2 Corresponding error rates of different convolution

kernels and characteristic map in layer C3

Convolution kernel

1X1 3X3 5X5 X7 9X9

0.0455 0.0370 0.0331 0.0510 0.0500
0.0490 0.0330 0.0481 0.0510 0.0532
0.0520 0.0480 0.0405 0.0546 0.0332
0.0365 0.0355 0.0493 0.0340 0.0352
0.0380 0.0432 | 0.0196 0.0392 0.0330
0.0416 0.0236 0.0387 0.4020 0.0449
0.0411 0.0375 0.0309 0.0366 0.0562
0.0510 0.0410 0.0415 0.0510 0.0429
0.0380 0.0419 0.0521 0.0507 0.0389
0.0331 0.0500 0.0483 0.0428 0.0505
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Table 3 Corresponding error rates of different convolution

kernels and characteristic map in layer C5

Convolution kernel
1X1 3X3 5X5
0.0276 0.0264 0.0452
0.0256 0.0229 0.0505
0.0420 0.0310 0.0412
0.0360 0.0304 0.0406
0.0268 0.0338 0.0307
0.0305 0.0301 0.0392
0.0340 | 0.0207 0.0403
0.0450 0.0307 0.0501
0.0442 0.0394 0.0501
0.0502 0.0406 0.0472
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K4 ANFEFTERISLESES Table 4 Experimental results of different methods
Test set Methods Pedestrian numbers TP FP FN AR FAR
HOG+Fisher 96 5 1 95% 1%
1 Paper[6] 101 99 2 1 98% 1%
Proposed method 100 1 0 99% 0%
HOG+Fisher 53 1 0 98% 0%
2 Paper[6] 54 54 0 0 100% 0%
Proposed method 54 0 0 100% 0%
HOG+Fisher 249 5 0 98.0% 0%
3 Paper[6] 254 251 3 0 98.8% 0%
Proposed method 252 2 0 99.2% 0%
B 54T, 2018, 48(11): 1436-1442.
4 éﬁi‘e TAN K X, PING P, QIN W H. Infrared image pedestrian detection
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