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Abstract: With the continuous development of high-speed aircraft, target detection and recognition, as a key
part of precision guidance, requires higher real-time and high-accuracy target positioning and recognition. At
present, the need for accurate detection and identification of time-sensitive targets such as armored vehicles and
vehicle positions is increasingly urgent. Deep learning algorithms have advantages in feature extraction and
classifier design. This paper takes the small-sized infrared vehicle target under a specific complex background as

the research object, and develops a lightweight deep learning algorithm based on infrared dim vehicle target
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detection and recognition to meet the needs of less sample data, limited platform resources, high real-time
requirements, and high detection accuracy. The project is light-weight cut based on the YOLOvVS algorithm,
reduce the structure of the model and improve the real-time performance; a hybrid domain attention mechanism
module EPA is proposed, which enables the algorithm to focus on important channels more quickly and
effectively through a local cross-channel interaction strategy without dimensionality reduction. Suppressing
invalid channels and combining the channel attention mechanism with the spatial attention mechanism makes the
algorithm pay more attention to the pixel information related to the target. The Residual Dense Attention Module
(RDAB) is proposed, which is composed of dense residual blocks and attention mechanism EPA. It extracts
sufficient local features through dense convolutional layers, and obtains more effective channel and pixel
information through attention mechanism, which can make the algorithm obtain better detection effect. Detect and
identify the small-size infrared vehicle target data after data augmentation, and compare experiments with a
variety of typical algorithms. It can be seen from the experimental results that the detection and recognition effect
of the JH-YOLOvV5-RDAB network proposed in this paper is better than other networks, and the weight size is
only 6.6 MB, which is only half of the weight of the YOLOvVS5s algorithm model, but the algorithm detection
effect is better, and the detection effect of the algorithm is close YOLOvVSI whose weight size is 93.7 MB, with

mAPS50 reaching 95.1%. The experimental results show the superiority and feasibility of this network in infrared

dim vehicle target detection.
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Fig.1 Development trend of deep learning object detection algorithms in recent years
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Tab.1 Analog image processing method for single image

Flight live image Analog image processing
Aircraft falling at high speed Image magnification under fixed field of view

Aircraft level flight Image translation
Aircraft rotation Image rotation at various angles
Aircraft shaking Image translation

Infrared imagers are affected by temperature and weather Image contrast, brightness changes
Aerodynamic effect of aircraft flying at high speed Image random blur, edge blur
Aircraft is disturbed Image random occlusion

(e) Brightness adjustment (f) Brightness adjustment (g) Image rotated 30° (h) Image rotated 30°
image 1 image 2 counterclockwise clockwise

(i) mage rotated 90° (j) Image rotated 30° (k) Image with contrast (1) Image with contrast
counterclockwise clockwise adjustment 1 adjustment2

(q) Images occluded (r) Images occluded  (s) Image with blurred edges  (t) Mosaic images 1
by random pixels 1 by random pixels 2

(u) Mosaic images 2

2 HEH BRI

Fig.2 Effect drawing of data expansion
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Fig.3 Structure diagram of JH-YOLOv5-RDAB
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Fig.5 Structure diagram of SPP module after merging EPA module
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Fig.6 Structure diagram of CSP module after merging EPA module
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Fig.9 Visible light image (left) and infrared image (right) of the same

scene
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Fig.10 Structure diagram of Focus module after merging RDAB module
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Fig.11 Structure diagram of SPP module after merging RDAB module

AL SE KLY 4 HE % (HR) B14% o Yulun Zhang!™
SETE CVPR2018 $2 1 T — Ffr ¢ 5% 25 %% 45 B i 11 7%
25 B A I 265 ofe DA T LA i 0 BERR BRI 4 4
A Bk 25 W 4% 55 % A 3 1 I 4 1 R 1 e 00 R R IR
LR B T4 43 2R AE, PRI 8 324G S m Jo 2 11 8]
&, RDB M45F W&l 13 PR .

©
B
IL]
]

12 B AR R
Fig.12 Structure diagram of RDAB

l CM: contiguous memory I

, Dense connections I

CFF: global feature fusion

| LRL: local residual learning l

-

LFF: local feature fusion;

13 B2 AR 1A
Fig.13 Structure diagram of RDB

RDB i it 2% 4 45 B2 R S G 43 10 Jry SR, R
AT LA 5 % 223842 (CM) HLI A T — 4 RDB 525
RS, 0] LU R R A AR e 7 o R P I A 2

TRA BT 2 B EPA S5F 1L 2.2 7. FHIA 8
AHL, 7 AR 22 B AR HLAE Y 1% 1 Conv J5 T IR &
ok B IR EPA. LT E 1LY RDAB fuif
WAL ZA Rk 2 S AN B E R, (ARG

M e 5 A AR G SR Z M EE A,
3 £ I§

3.1 KHIEFREERE

T B e YRR ML HE ORI AR A
A LLAM S /NG B AR o WA B AR TE AR AE —
JE [ A LA 440 H AR IEIR 5023 5K 1 e AT A

20220253-7



ISk A2

%124

www.irla.cn % 51 %

TEVEOR B 4986 5K, BEHLIEHUL A1 1000 7K B AV
45, 45 ) T 19 3986 il A A IR AE Ry J5 d Il 25
B IR BRI T O ok R R U 2R SR AT
BEARY 78, I 70)5 2 51818 ik, FHALIER 5% Rl 2590 ik
VERUGIESE, VE NI, 036 2 iR .
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Tab.2 Distribution of infrared small and weak vehicle

image dataset

Target type [car]

Target scene Desert, city, field, highway, village

Data . Brightness change, contrast change, rotation,
Augmentation translation, scaling, flipping, clipping, splicin,
Method s g, thpping, clipping, splicing
Original data
Set 5023 (Before treatment) 4986 (After treatment)
Data 1000
augmentation
Training set 49228
Validation set 2590

R 3 LBRNMERESY

Tab.3 Specific parameters of the experimental en-

vironment
Experimental system Ubuntul8.04
CPU Inter Xeon Gold 6133
GPU NVIDIA TITAN RTX x4
Memory 512 GB
Development environment Python3.7
Deep learning framework Pytorch
CUDA 10.2
cuDNN 753
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Fig.14 Image comparison of training results
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Tab.4 Comparison of experimental results between JH-YOLOvVS-RDAB and typical algorithm networks

Algorithm Layers Parameters Size (Semi precision quantization) mAP50 GFLOPs Single test time/ms
YOLOV3 261 61497430 123.4M 81.6 154.9 5.3
YOLOV4-tiny 99 5874116 23.6M 88.2 16.1 1.8
YOLOv4 488 63937686 256.3M 94.6 141.4 8.7
YOLOVS s 283 7063542 14.4M 93.4 16.3 2.34
YOLOvV5 m 391 21056406 42.5M 94.5 50.3 3.45
YOLOVS 1 499 46631350 93.7M 95.2 114.1 4.93
YOLOVS x 607 87244374 175.1M 95.9 217.1 8.43
YOLO-Fastest 277 356700 4.8M 32.1 0.96 1.6
JH-YOLOV5-RDAB 565 3117313 6.6M 95.1 8.4 2.52
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Fig.15 Image comparison of some detection results (left: actual annotation map, right: algorithm detection map)
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Tab.5 Comparison of experimental effects of lightweight tailoring based on YOLOVS s

Algorithm Depth_multiple width_multiple Performance effect/times Network size/times
YOLOVS x 1.33 1.25 23 12.2
YOLOvS 1 1 1 1.8 6.5
YOLOV5 m 0.67 0.75 1.2 2.9
YOLOVS s 0.33 0.50 1 1

Net 1 0.25 0.33 0.85 0.49

Net 2 0.2 0.25 0.63 0.35

Net 3 0.1 0.2 0.33 0.12

R o6 ETESNNHRMARI ML RITLL
Tab.6 Comparison of network experimental effects

based on attention mechanism fusion

Integrated ECA Integrated EPA
Fused
operator  Performance Network Performance Network
effect/times size/times effect/times size/times
Net 2 1 1 1 1
CBL 1.1 1.6 1.3 2.4
SPP 1.2 1.12 1.43 1.18
CSP 1.3 1.1 1.33 1.11
Focus 1.02 1.01 1.11 1.01

x7 ETREZEFEERBMEHIMEZIE R LE
Tab.7 Comparison of network experimental effects

based on RDAB

Integrated RDAB

Fused operator

Performance effect/times ~ Network size/times

Focus 1.28 1.06
SPP+ Focus 1.35 1.08

EPA #iHe 5 SPP bt | CSP #5 He il & BE 32 75 1 46 I
W £ B P B A, O 23 R BE AR S A AR
HIREE
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HAR T R 5L RE

4 &
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22 AP TR BE 2 ST R R B Ak o T X R 4%
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P R L3O 5 T v AT R B ARG I 1R
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