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H E AR B ARG AN B, R T — A5 AR E F S AL 69 Faster R-CNN 205 B 4R
Mk, Ak, AP E R A G AR B A, R T — AR BRI R T M
&, /£ Faster R-CNN P 3| AR IEZFE AMH, X+ T —AH B LB AahM LT RE; x5, 7
ANFIRIG B FHEM, A S RESIERITIN, A A K EMELF G 0NIEEAR L, AL
FE. LTI RAL HAEE AT S0, 45 R R, G 49 Faster R-CNN B 4747 4E 22 b 4 ResNet50
AEZTFHFEAOAPRIAT 7.6%., o, AW ERF HZF, ALHEER T asrBAA0EN
A, R T ok Rt e A Ak

X429 2o 9h B AR B3 5% ; Faster R-CNN; SR E & A ALH]; § R HFAERR &
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Infrared target detection algorithm based on improved Faster R-CNN

WANG Xichen', PENG Fulun®, LI Yexun®’, ZHANG Junju'
(1. School of Electronic and Optical Engineering, Nanjing University of Science and Technology, Nanjing 210094,
China; 2. Xi'an Institute of Applied Optics, Xi'an 710065, China; 3. Jiangsu North Huguang Photoelectric
Co.,Ltd., Wuxi 214100, China)

Abstract: In order to improve the detection accuracy of infrared targets, a Faster R-CNN infrared target
detection algorithm introducing a frequency domain attention mechanism was proposed. Firstly, a parallel
image enhancement preprocessing structure was designed to address the issues of edge blur and noise in
infrared images. Secondly, a frequency domain attention mechanism was introduced into Faster R-CNN, and a
new infrared target detection backbone network was designed. Finally, a path enhanced pyramid structure was
introduced to fuse multi-scale features for prediction, and the rich location information of the underlying
network was utilized to improve detection accuracy. The experiment was conducted on a dataset of infrared
aircraft. The results show that the AP of improved Faster R-CNN target detection framework is 7.6% higher
than that of the algorithm with ResNet50 as the main stem. In addition, compared with current mainstream
algorithms, the proposed algorithm improves the detection accuracy of infrared targets and verifies the
effectiveness of the algorithm improvement.

Key words: infrared target detection; image enhancement; Faster R-CNN; frequency domain attention

mechanism; multi-scale feature fusion
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Fig. 1 Structure diagram of Faster R-CNN algorithm
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Table 2 Detection results of different image enhancement

methods
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Table 3 Detection results of different models

Backbone Neck AP FLOPs/G  ZHuit/M
ResNet50 FPN 85.1 134.38 41.12
SE-ResNet50 FPN 88.7 134.45 43.63
FCA-ResNet50 FPN 90.0 13438 43.61
FCA-ResNet50 ~ PAFPN  92.7 149.87 47.15
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Table 4 Detection results for mainstream algorithmic fra-

meworks
Model i%ﬁ Backbone Neck AP FLOPs/G Param/M
One-stage
YOLOv3 x  DarkNet53 FPN 82.1 121.15  61.52

RetinaNet x  ResNet50 FPN 832 127.82 36.1

Fcos x  ResNet50 FPN 84.7 12541 32.02
Two-stage
Casade R-CNN v ResNet50 FPN 86.7 162.18 6893
Mask R-CNN v ResNet50 FPN 86.1 187.45  43.77
Faster R-CNN v ResNet50 FPN 85.1 13438  41.12
A3k A Rerlc\f:t'so PAFPN 92.7 13438  43.61
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Fig. 11 Comparison of detection results of different al-

gorithms

4 LEi

ARSCAGEE T LLAN RAL H FRA I B 45, R
FFAT PG 3 5 ) A X g A I R AT G . 1T
T — e 1Y Faster R-CNN A I HE 42, 6 Hoiz
TELLA AR AR IUAT 55 24 b o R RS 2 AL
il X} ResNet W 2% 345% , #3211 T FCA-ResNet50 3+
SAE, G55 BRAR I 9 G I 2K 254, AL/ N IR EE
PRI 5 A BE G O T B T H AR 00 A DUORS 2
A P A 32 R, AR AR I R S
WEBR, A SCOR 3 RE 0 AR U M #% iz FH T 4040 AL
P AT 55 vh, R 7R a] D06 S5 8 H A A il
BEB MBS AT AT . R 2P, R
TLLA B brds D553 30 47 iF — P ek, it b B
A SR BE 7 R SR HESE

SE k-

(1] e, h/hk, XKW, 45, 8GR YOLOV3I LA H

PRGN B3 0] AL 0 5 R 2441, 2020, 34(8):
188-194.
CAO Hongyan, SHEN Xiaolin, LIU Changming, et al.
Improved YOLOV3 infrared target detection algorithm [J].
Electronic Measurement and Instrument, 20, 34(8): 188-
194.

(2] JBUREE, 250N, X oE, %5, 3T gk Faster R-CNNAYZL
SMILAR B ARG N5 (7). 205 R, 2021, 43(2): 170-
178.

GU liaojiao, LI Bingzhen, LIU Ke, et al. Infrared ship tar-
get detection algorithm based on improved Faster R-
CNN[J]. Infrared Technology, 2021, 43(2): 170-178.

(31 45, gl &5, % J e s R g/ B
FRASIN (3], I F Y, 2021, 42(4): 643-650.

CAI Wei, XU Peiwei, YANG Zhiyong, et al. Dim target
detection in infrared image with complex background [J].
Applied Optics, 2021, 42(4): 643-650.

(4] NG, R, EHE), % BT 9 YOLOXIW AL A
FIARREI Rk (1], i TR, 2022, 45(23): 72-81.
CHEN Haiyun, YU Honghao, WANG Haichuan, et al. In-
frared target detection algorithm based on improved
YOLOX/[J]. Electronic Measurement Technology, 2022,
45(23): 72-81.

[5] GIRSHICK R. Faster R-CNN[C1//2015 IEEE Interna-
tional Conference on Computer Vision. New York: IEEE,
2015: 1440-1448.

[6] HE K, GKIOXARI G, DOLLAR P, et al. Mask R-


https://doi.org/10.5768/JAO202142.0402002
https://doi.org/10.5768/JAO202142.0402002

MG 2024, 45(2)

TR, % 2 T e Faster R-CNN (Y2141 H AR I 5% .

353 -

(7]

[8]

[10]

[11]

[12]

CNN[C]//Proceedings of the IEEE International Confer-
ence on Computer Vision. New York: IEEE, 2017: 2961-
2969.

CAI Z, VASCONCELOS N. Cascade R-CNN: high qual-
ity object detection and instance segmentation[J]. TEEE
Transactions on Pattern Analysis and Machine Intelli-
gence, 2019, 43(5): 1483-1498.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: unified, real-time object detection[C]//Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. New York: IEEE, 2016: 779-788.
REDMON J, FARHADI A. Yo0lo9000: better, faster,
stronger [C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. New York:
IEEE, 2017: 7263-7271.

GE Z, LIU S, WANG F, et al. YOLOX: exceeding YOLO
series in 2021 [EB/OL]. [2023-03-20]. https://ui.adsabs.
harvard.edu/abs/2021arXiv210708430G/abstract.

LIN T Y, GOYAL P, GIRSHICK R, et al. Focal loss for
dense object detection[C]//Proceedings of the IEEE Inter-
national Conference on Computer Vision. New York:
IEEE, 2017: 2980-2988.

HU J, SHEN L, SUN G. Squeeze-and-excitation net-
works[C]//Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition. New York: IEEE,
2018: 7132-7141.

[13]

[14]

[15]

[16]

[17]

QIN Z, ZHANG P, WU F, et al. Fcanet: frequency chan-
nel attention networks[C]//Proceedings of the IEEE/CVF
International Conference on Computer Vision. New York:
IEEE, 2021: 783-792.

LINT Y, DOLLAR P, GIRSHICK R, et al. Feature pyr-
amid networks for object detection[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Re-
cognition. New York: IEEE, 2017: 2117-2125.

WANG K, LIU S, QI L, QIN H, et al. Path aggregation
network for instance segmentation [C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recog-
nition. New York: IEEE, 2018: 8759-8768.

WIS, RT3, UL, 4. ZDANF 8 R s/ Kbl
H F5 & 0 BR &7 %4 4% 48 [DB/OL]. Science Data Bank,
2019 [2019-10-28]. http://10.11922/csdata.2019.0074.zh.

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]. http://10.11922/csdata.2019.
0074.zh.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft
coco: common objects in context[C]//Proceedings of 13th
European Conference on Computer Vision—-ECCV 2014,
Part V 13. Zurich, Switzerland: Springer International
Publishing, 2014: 740-755.


https://ui.adsabs.harvard.edu/abs/2021arXiv210708430G/abstract
https://ui.adsabs.harvard.edu/abs/2021arXiv210708430G/abstract
http://10.11922/csdata.2019.0074.zh
http://10.11922/csdata.2019.0074.zh
http://10.11922/csdata.2019.0074.zh

	引言
	1 Faster R-CNN原理
	2 改进的Faster RCNN算法
	2.1 图像预处理
	2.2 改进的特征提取网络
	2.3 FCA注意力机制
	2.4 多尺度特征融合预测

	3 实验与分析
	3.1 实验环境与数据集
	3.2 模型训练与测试
	3.3 对比分析

	4 结论
	参考文献

