FaE HTH
2020 7 H

AP ANES PP
Infrared Technology

R ERMGE AR 7 HERARRBR AR B A ZE RS IR 5]

TR, T % FAk, %E&8
CRIERTR (5 AR RAYR, L5 KiE 116026)

WE: WEAXETAZNRNERIEES LY, EHEAREFEEZRT . AR HEAEN K
B R R LR G REN A E N EGRH TR AERN G R, FHARYE B G0 R0 R
Faster RCNN W4 34T 7 thtbh, £ B AR ERE N ARG EGHNREFE., FH28FHHmt
BRENRVEEGER LA E, 8w har g2 R 5 b A e 5 W 4 5 T B I AT B R U K BB
YEo ME AT R B IR E R E R 2000 FKIKA X ARG E G W& HATINEGNR, FHEHR
B EIEXF 71.3%. HILTEZWERNFE, KA TEEELZNGEPRE T REWIRAKER, B
RATEARAE, ARBERT REATETAERN S RAE L, EEERNAMERR.
KR BB, WEFE; AERNEGRA; ik f; Faster RCNN

FESHES: TPIS3 XEkFRIRED: A YEHS: 1001-8891(2020)07-0651-09

Detection and Recognition of Persons and Vehicles in Low-Resolution Nighttime
Thermal Images Based on Optimized Convolutional Neural Network
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Abstract: The detection and recognition of persons and vehicles in the nighttime environment is highly
important in the fields of self-driving cars and security. This paper proposes to use images taken by a
cost-effective low-resolution infrared thermal imaging camera. We optimize the faster region-based
convolutional neural network according to the unique nature of the images. A multi-channel convolution
layer is added to accommodate the grayscale characteristics of thermographic images. We use a global
average pooling layer so that fewer images and categories are needed, and we add batch normalization layers
to prevent the appearance of exploding or vanishing gradients after the network is widened. The network is
trained and tested using 2000 low-resolution thermal images collected in an urban nighttime environment.
The average accurate recognition rate is 71.3%, indicating that the method effectively solves the problem of
detection and recognition of persons and vehicles in the nighttime environment. The stickiness value and
application potential are high.
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Table 1 Table of visible, infrared, thermal imaging camera property parameters comparison

Wavelength/um  Spectral properties  Night vision distance/m  Night vision performance

0.4-0.75
0.75-1.5

Visible light camera Visible light

Infrared camera Infrared

Far infrared camera  8-14 Far infrared

50+ Worse
100+ Medium
200+ Better

(a) FIEEEHLR AR
(a) Visible light camera imaging effect

K1 ARREnEE G
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(D)L LLAMRE ML AR

(b)Near infrared camera imaging effect (c) Thermal imaging camera imaging effect

(c) MBI BEHRAGAR

Fig.1 Comparison of images taken by different cameras
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Fig.3 Comparison of common edge detection algorithms
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Fig.4 Comparison of different forms of images
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Fig.6 Network training overall convergence curves comparison
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Table 2 Performance comparison of each module
.. . Test set
Model Train time/min mAP
Person(AP) Car(AP)
Baseline(VGG16) 158.5 68.8 67.3 68.05
Baseline+1*1(256)+3*3(256) 155.7 67.6 66.4 67
Baseline+tMSM 156.9 72.2 68.1 70.15
BaselinetMSM+GAP 151.3 73.5 68.5 71
BaselinetMSM+GAP+BNL 145.4 73.9 68.7 71.3
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Table 3 Class AP Values

Faster RCNN
FIR Faster RCNN
VGGl16 VGGI9
Person 73.9 68.8 74.8
Car 68.7 67.3 66.8

4 mAP K BER

Table 4 mAP values and detection times

FIR Faster Faster RCNN

RCNN VGGl16 VGG19
Mean average
o 71.3 68.05 70.8
precision(mAP)
Train time(min) 145.4 158.5 170.8
Fps(f/s) 0.2 0.3 0.45
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