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Fig.8 Diagram of feature fusion based on cross—layer connection
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Table 1 Performance of different networks on CIFAR-10

Params/( < 10%) FLOPs/( X 10%) TOP-1/% TOP-5/%
Googl.eNet 6.6 3.9 13.01 0.72
ResNet-50 25.6 11 18.32 1.29
ResNet-101 44.5 20 16.71 1.04
PaRNet=35 22.8 4.4 14.19 0.67
PaRNet-51 31.7 10 13.38 0.64
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Fig.9 The change of TOP-1 value in different networks with the training epochs on CIFAR-10
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Table 2 Performance of different networks on CIFAR-100

Params/( < 10°) FLOPs/(X10%) TOP-1/% TOP-5/%
Googl.eNet 6.6 3.9 41.97 17.27
ResNet-50 25.6 11 48.50 22.81
ResNet-101 44.5 20 48.09 22.00
PaRNet-35 22.8 4.4 41.08 17.19
PaRNet-51 31.7 10 39.67 15.86
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Fig.10 The change of TOP-1 value in different networks with the training epochs on CIFAR-100
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Fig.11 Part of the frame image of the meeting Fig.12 Part of the frame image of the multiple fuzzy targets
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Table 3 Calculation of evaluation index values in different sequence scenarios

FAR/% MDR/ % FPS

Scene sequence
YOLOv3 FCR-G Ours YOLOv3 FCR-G Ours YOLOv3 FCR-G Ours
Seq 1:Platform movement 0.02 0.01 0.01 0.21 1.17 0.15 339 1.1 33.1
Seq 2: Target occlusion 0.02 <0.01 0.02 0.80 0.64 0.20 33.3 1.0 33.5
Seq 3:Overlapping targets 0.01 <<0.01 0 1.36 0.24 1.20 33.1 1.2 32.9
Seq 4:Bad conditions 0 <<0.01 0.01 2.64 2.24 2.13 33.2 1.1 32.8
Seq 5:Multiple objects 0 <£0.01 0 3.15 2.56 3.12 34.1 1.1 33.2
Total test dataset 0.01 <<0.01 <<0.01 1.63 1.37 1.36 335 1.1 33.1

T 3R 3o bR e o s B

SeiE MR AR R I B 735 o R4 0 5T R S AR AR XS L B — S8 7 L RO LU B . 3 5 0 O 5 R IR o ) O ik
(O P o TR AL B R A S R AR IO o i M R 445 B RSRT IR L 2 2] B T A TR TE R
IR KRG B IR AN B ZOR o AR 5 P RT LU B AR SCHR A S I RS B S R TR A R R R
A B A ) JE 3 b — 2 4R T

R4 FTREEFERENTEXIL (RRAREFE)

Table 4 Comparison of different algorithm (without deep learning)

Detector FAR/% MDR/ % FPS
MPCM 38.4 36.2 1.45
RLCM 4.60 46.2 1.44
DNGM 3.89 45.3 2.46
STLCF 3.76 19.4 1.52

Ours <0.01 1.36 33.1

£S5 AREEENITMENIL (REREFY)

Table 5 Comparison of different algorithm (with deep learning)

Detector FAR/% MDR/ % FPS
YOLOv3 0.01 1.63 33.5
RefineDet 0.01 1.56 1.44
ISTNet <20.01 1.35 32.4

FCR-G <20.01 1.37 1.11

Ours <20.01 1.36 33.1

g5 LTk AR SCHR Y PaRNet £ T M 45 A
e E R L s R EEN AR
—E B Y T E BT B E AR
R BIEE T . O, AR SR IS
BT B0 T 0 O B O AR AE LA, Al
B IRIZ /N HAR 8B w5 . sl A
) soft-NMS 5 ik L 7E — 2 B2 BF b fift o 7 42 4 X
FEEM SR M ES NS, (B HiR7E 2 H bR
st T s AR IS R AR R AN . e EAR
p= NP i wp T (E DA R N WA N E 7 R U N T 5

(b) Blurred target ]

A R 0 2 L /0 LR T TR A b A AE L el (c) Multipie objects (d) Overlapping targets
HE— 25 A 26 R IE il 1) S R 4 o A T RS B2

13 A AR
I REEPTAE . K 13 R T R I s 2R 1A Fig.13 Detection visualization
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Infrared Small Vehicle Detection Based on Parallel Fusion Network

ZHU Zijian', LIU Qi°, CHEN Hongfen', ZHANG Guiyang’, WANG Fukuan', HUO Ju’
(1 School of Astronautics, Harbin Institute of Technology, Harbin 150001, China)
(2 School of Electrical Engineering and Automation, Harbin Institute of Technology, Harbin 150001, China)
(3 School of Mechanical Engineering, Changshu Institute of Technology, Suzhou, Jiangsu 215500, China)
(4 School of Mechanical Engineering, Guangxi University, Nanning 530004, China)

Abstract: The high—precision infrared small vehicle detection under disturbed background has a high
application value. The existing small IR vehicle detection methods usually fail or cause a high probability of
false alarm in the complex backgrounds, fuzzy targets and overlapping targets. A detection method base on
parallel fusion network is proposed to solve the above problems. First, a network based on the parallel
residual block is designed as the backbone to complete high—precision and robust detection of the targets.
Then, an improving YOLOV3 algorithm based on cross-layer connection is established which can make
full use of the underlying information to complete high—precision detection and positioning of small infrared
vehicle targets. Finally, the soft-NMS is employed instead of the NMS to alleviate the problem of
overlapping targets. Experimental results show that the method in this paper can accurately detect infrared
small vehicles in complex moving backgrounds and achieve a high detection rate in the case of a low false
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alarm rate. The false alarm rate is only 0.01% and the missed detection rate is only 1.36%.The PaRNet
backbone network proposed in this paper has high accuracy and convergence rate, and more importantly, it
has a certain degree of robustness, and also has a certain ability to recognize fuzzy targets in complex
environments. On the other hand, our improved algorithm adds cross—layer connections and deeper feature
fusion, so that the network has a fuller understanding of the low—level small goals. The finally introduced
soft-NMS algorithm also solves the overlap problem caused by the overlapping cars to a certain extent.

Key words: Pattern recognition; Infrared image; Vehicle detection; Small object detection; Parallel fusion
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