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Dim-small targets detection of infrared images in complex backgrounds

CAI Wei, XU Peiwei, YANG Zhiyong, JIANG Xinhao, JIANG Bo
(National Key Discipline Laboratory of Armament Launch Theory and Technology,
Rocket Force University of Engineering, Xi’an 710025, China)

Abstract: The infrared dim-small target detection is a key technology in the fields of security surveillance,
reconnaissance detection and precision guidance. To improve the accuracy and real-time performance of
infrared dim-small target detection under complex background conditions, an infrared dim-small target
detection algorithm YOLO-FCSP based on deep learning was proposed. Considering the characteristics of
dim-small targets in infrared images, the feature extraction network was designed based on the YOLO
detection framework by reducing the number of downsampling and combining cross-stage local modules,
Focus and spatial pyramidal pooling structure. The feature fusion network was improved by utilizing the idea
of multi-path aggregation. The number of detection output layers was adjusted to enhance the reuse of feature
information. The experimental results show that the proposed method has higher accuracy and detection speed
in detecting infrared dim-small targets, achieving 91.9% precision and 94.6% recall, the average precision (AP)
value to 92.6%, and the detection speed as 170 fps, which meet the requirements of real-time detection in
practical applications.

Key words: deep learning; infrared dim-small targets; cross-stage local networks; multi-path aggregation; real-

time detection
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Table 2 Detailed information of 5 infrared dim-small target

sequences
Sequences Frame Image size/pixel Details of background
1 399 256x256 Ground background
2 1500 256x256 Ground background
3 500 256x256 Ground background
4 400 256x256 Sky and ground background
5 500 256%256 Woodland background
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Table 3 Configuration of experimental hardware platform

Component Hardware
CPU intel 15-10600KF CPU
GPU NVIDIA GTX 1080Ti
(O] Ubuntu20.02
Memory 16 GB
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Table 4 Results of ablation experiments
Sequence 1 Sequence 2 Sequence 3 Sequence 4 Sequence 5
Group 1/8 CSPRen Focus SPP Para/M GFLOPS

AP/% FPS  AP/% FPS AP/% FPS AP/% FPS AP/% FPS

1 61 154.7 89.8 81 87.6 79 90.9 79 81.8 80 91.5 79
2 v 0.55 22.8 87.6 153 84.5 151 864 152 80.2 158 89.6 152
3 v v 0.41 13.1 913 154 90.5 153 88.8 154 86.1 156 91.9 155
4 v v v 0.40 11.5 914 174 926 176 895 172 87.0 176 92.1 174
5 v v v v 0.45 12.0 93.5 163 93.0 172 91.5 162 89.7 173 937 173
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Table S Effect comparison of add PANet

Model P/% R/% AP/% FPS
YOLO-FCSF 375 89.9 83.9 200
YOLO-FCSP 91.9 94.6 92.6 170
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Table 6 Experimental results of methods comparison
Method P/% R/% AP/% FPS
Faster R-CNN 50.6 63.9 58.3 12
SSD 84.6 34.1 64.6 69
YOLOvV3 86.1 85.3 90.9 76
YOLOV3-Tiny 80.3 83.6 85.3 256
YOLO-FCSP 91.9 94.6 92.6 170

MW 6 LLFE W, 54 iR g% Bk
YOLOV3, Faster R-CNN #1 SSD #f [, YOLO-FCSP
LR UILRY N SN I R R s M T RS = = 1 oo
91.9%. 94.6% F1 92.6%, £ il 14 & K i $2 55 2 170,
ZUAR S/ B bRk I ROCR PR 2 . TER 4T R Ak
4T, YOLO-FCSP £ 1 5 #7534 e 6% WU B 4y i 245
T, 303 W AH X 45 v 1 T 4% T A R AE R T B 1Y
grhbss/hHbs . 5K 4 YOLO-Tiny #H [,
ioRUUB% 9 SN /0 N R (B o R e = |
o RE YOLO-FCSP K6 25 3 b #5228 i, (RG]
K Bt I Ak F) 100%, X £ E R i T EUE e
e | R AR R A S AR AL i R 5, 5/ B
W AL I 7= A= /i

kT e T TR b 3 B AR TR A U i, %o
BAH SR S AR RN 5 B3E AT 204855 /0 B bR A
W, 25 5 E 9 R . A5, A6 s R
FUIASAL ) 2 2475 5 F, YOLO-FCSP 1 7 — & F2 J¥



REFDGE: 2021, 42(4)

5, S BARE R LA EE /N F ARG

- 649 -

DX B i o R B BREROIR T SR A E AR, X £ A
55/ H AR HA B A ks 0 1R BE, HLRE 96 A 2 AR

(c) Sequence 3

(a) Sequence 1

9 SH#AREFFIF YOLO-FCSP HiAM ML R
Fig.9 Detection results of YOLO-FCSP in 5 different

(b) Sequence 2

(d) Sequence 4  (e) Sequence 5

sequences

4 g

o fi AT 2 A TR TSN 88 /I B KR 9 K )
AR SCBEF T — R TR BE A 2 1 bR R 3
TR FE 5 4 5 W BB J A e 1y 0 4% 725 28541 B35 /18
FRRAE, 3 R R TR A A
e S A B AR AL B2 LTS
1R 55 /8 6L EAR BT R R 04T S0 0, 25 R
FE W, AR SCHR 1 0 R 0 A 0 e U o R o
55/ B b 4 25 R e 3 i I, 4 T
5 BT RN 2T 055 /0N A 06 o 9 S
S, 9 2 15780 5 2 B A R RIS, 45 S A S of
R 20 4055 /8 FAR, W5 T 5 8 B B B B 7
£ A BRI S . FEJ5 5 T AR, 4% % i
AT 25 L 550 SR 98 9 G U B 1 R 2 >
Y25 01 14 T 4 25 480, (8 A IR B 90 2% % 4141 55
/N R B S A TR 75

S -

[1] WU Shuangchen, ZUO Zhengrong. Small target detec-
tion in infrared images using deep convolutional neural
networks [J]. Journal of Infrared and Millimeter Waves,
2019, 38(3): 371.

SR, Zelflie. He T IR BE A R R 25 HO 2L A0/ F AR
Kl (1] 2T50 5 22K 741z, 2019, 38(3): 371.

[2]

[3]

[4]

[5]

(6]

[7]

[8]

(9]

[10]

REN Xiangyang, WANG lJie, MA Tianlei, et al. Review
on infrared dim and small target detection technology[J].
Journal of Zhengzhou University(Natural Science
Edition), 2020, 52(2): 1-21.

fEm B, B2, BRKE, 5. 4455/ B Rk B R 25
TR, B2 R (B RR), 2020, 52(2): 1-21.

FAN Pengcheng, ZHANG Weiguo, LIU Wangang, et al.
Infrared weak small target detection algorithm based on
embedded GPU[J]. Journal of Applied Optics, 2020,
41(5): 1089-1095.

JEMGAER, gk T, XITNI, 5. 5T AXGPUMZLAM 55
ANERRASEEE A [ DR, 2020, 41(5): 1089-1095.
LIU D, Cao L, LI Z, et al. Infrared small target detection
based on flux density and direction diversity in gradient
vector field[J]. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing, 2018,
11(7): 2528-2564.

DENG H, SUN X, LIU M, et al. Infrared small-target de-
tection using multiscale gray difference weighted image
entropy [J]. IEEE Transactions on Aerospace and Elec-
tronic Systems, 2016, 52(1): 60-72.

HAN J, LIANG K, ZHOU B, et al. Infrared small target
detection utilizing the multiscale relative local contrast
measure [J]. IEEE Geoscience and Remote Sensing Let-
ters, 2018, 15(4): 612-616.

PEI Jiaxin, SUN Shaoyuan, WANG Yulan, et al. Night-
time environment perception of driverless vehicles based
on improved YOLOV3 network[J]. Journal of Applied
Optics, 2019, 40(3): 380-386.

RN, INERIE, ET IR, 45, BT EYOLOV3 R 24 /Yy
TN B FR ST [T]. W HIDE%, 2019, 40(3): 380-
386.

LI Xiaoning, LEI Tao, ZHONG Jiandan, et al. Detecting
method of small vehicle targets based on improved
SSDIJ]. Journal of Applied Optics, 2020, 41(1): 150-
155.

A/NT, T, BhEIFE, 55 BT I SSD /N H
67 i (7). B2, 2020, 41(1): 150-155.

ZHAO M,hCHENG L, YANG X, et al. TBC-Net: a real-
time detector for infrared small target detection using se-
manticconstraint[EB/OL].[2019-12-27] .https://arxiv.org/
abs/2001.05852v1.

GONG Y, YU X, DING Y, et al. Effective fusion factor in
FPN for tiny object detection[C]//Proceedings of the
IEEE/CVF Winter Conference on Applications of Com-


https://doi.org/10.11972/j.issn.1001-9014.2019.03.019
https://doi.org/10.11972/j.issn.1001-9014.2019.03.019
https://doi.org/10.5768/JAO202041.0506004
https://doi.org/10.5768/JAO202041.0506004
https://doi.org/10.1109/JSTARS.2018.2828317
https://doi.org/10.1109/JSTARS.2018.2828317
https://doi.org/10.1109/JSTARS.2018.2828317
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/LGRS.2018.2790909
https://doi.org/10.1109/LGRS.2018.2790909
https://doi.org/10.1109/LGRS.2018.2790909
https://doi.org/10.5768/JAO201940.0301004
https://doi.org/10.5768/JAO201940.0301004
https://doi.org/10.5768/JAO201940.0301004
https://doi.org/10.5768/JAO202041.0103004
https://doi.org/10.5768/JAO202041.0103004
https://arxiv.org/abs/2001.05852v1
https://arxiv.org/abs/2001.05852v1
https://doi.org/10.11972/j.issn.1001-9014.2019.03.019
https://doi.org/10.11972/j.issn.1001-9014.2019.03.019
https://doi.org/10.5768/JAO202041.0506004
https://doi.org/10.5768/JAO202041.0506004
https://doi.org/10.1109/JSTARS.2018.2828317
https://doi.org/10.1109/JSTARS.2018.2828317
https://doi.org/10.1109/JSTARS.2018.2828317
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/TAES.2015.140878
https://doi.org/10.1109/LGRS.2018.2790909
https://doi.org/10.1109/LGRS.2018.2790909
https://doi.org/10.1109/LGRS.2018.2790909
https://doi.org/10.5768/JAO201940.0301004
https://doi.org/10.5768/JAO201940.0301004
https://doi.org/10.5768/JAO201940.0301004
https://doi.org/10.5768/JAO202041.0103004
https://doi.org/10.5768/JAO202041.0103004
https://arxiv.org/abs/2001.05852v1
https://arxiv.org/abs/2001.05852v1

650 N H

A2 4

[11]

[12]

[13]

puter Vision. USA: IEEE, 2020: 1160-1168.

REDMON J, FARHAD A. YOLOV3: an incremental im-
provement [EB/OL]. [2018-04-08]. https://arxiv.org/abs/
1804.02767

WANG C Y, LIAOH Y M, WU Y H, et al. CSPNet: A
new backbone that can enhance learning capability of
CNN{[C]//Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition workshops. USA:
IEEE, 2020: 390-391.

HUI Bingwei, SONG Zhiyong, FAN Hongqi, et al. A
dataset for dim-small target detection and tracking of air-
craft in infrared image sequences[DB/OL]. Science Data
Bank, 2019 [2019-10-28]. DOIL: 10.11922/csdata.2019.
0074.zh.

[14]

[15]

[16]

WP, ARG B, YO, 4. DM F ER 85/ Rl
H F5 & U BR &7 %4 4% 48 [DB/OL]. Science Data Bank,
2019 [2019-10-28]. http://10.11922/csdata.2019.0074.zh.
YUN S, HAN D, OH S J, et al. Cutmix: Regularization
strategy to train strong classifiers with localizable fea-
tures [C]//Proceedings of the IEEE/CVF International
Conference on Computer Vision. USA: IEEE, 2019:
6023-6032.

REN S, HE K, GIRSHICK R, et al. Faster r-cnn: towards
real-time object detection with region proposal
networks[J]. arXiv preprint arXiv, 2015: 1506.01497.
LIU W, ANGUELOV D, ERHAN D, et al. Ssd: Single
shot multibox detector [C]//European conference on com-

puter vision. Switzerland: Springer, Cham, 2016: 21-37.


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
http://dx.doi.org/10.11922/csdata.2019.0074.zh
http://dx.doi.org/10.11922/csdata.2019.0074.zh
http://dx.doi.org/10.11922/csdata.2019.0074.zh
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
http://dx.doi.org/10.11922/csdata.2019.0074.zh
http://dx.doi.org/10.11922/csdata.2019.0074.zh
http://dx.doi.org/10.11922/csdata.2019.0074.zh
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
http://dx.doi.org/10.11922/csdata.2019.0074.zh
http://dx.doi.org/10.11922/csdata.2019.0074.zh
http://dx.doi.org/10.11922/csdata.2019.0074.zh

	引言
	1 有关方法
	2 YOLO-FCSP网络
	2.1 特征提取网络
	2.2 特征融合网络

	3 实验结果与分析
	3.1 数据集
	3.2 网络训练
	3.3 评估指标
	3.4 结果分析
	3.4.1 消融实验
	3.4.2 检测网络的对比实验


	4 结论

