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J-MSF: A new infrared dim and small target detection algorithm based

on multi-channel and multiscale

Wang Guogang', Sun Zhaojin', Liu Yunpeng’

(1. College of Information Engineering, Shenyang University of Chemical Technology, Shenyang 110142, China;
2. Shenyang Institute of Automation, Chinese Academy of Sciences, Shenyang 110016, China)

Abstract: An novel infrared dim and small target detection algorithm, called J-MSF, based on multi-channel and
multi-scale feature fusion was proposed, which solved the problem that the classical infrared dim and small target
detection algorithm based on deep learning cannot detect because the target information disappeared in the upper
receptive field. Firstly, a new multi-channel Janet structure was proposed to design the J-MSF backbone
extraction framework. Secondly, a descending threshold feature pyramid pooling structure (DSPP) was exploited,
and a multi-scale fusion detection strategy was conducted. Finally, the Gauss loss optimization function was
designed. The experimental results show that the recall rate and the AP value of the proposed algorithm are
improved by 9.07%, 9.89% and 1.67%, 3.16%, respectively, compared with those of YOLOv3 and YOLOv4
algorithms in "a dataset for infrared detection and tracking of dim and small aircraft targets underground/air
background". The proposed algorithm can be effectively applied to infrared dim and small target detection, shows
good robustness and adaptability, and is better than the state of the art algorithms.
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Tab.1 Dimensions of network parameters

Fusion map/layer Kernel size Output size Stride Channel
Basic-feature map 8x8 - 1024
Artery-feature map 16x16 - 768
Detection map 1 32x32 - 30
Detection map 2 64%64 - 30
Detection map 3 128x128 - 30
Maxpooling 1 3 32x32 1 128
Maxpooling 2 5 32x32 1 128
Maxpooling 3 7 32x32 1 128
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Tab.2 SNR data distribution table of test set

SNRregion 3.26-3 32 2-1 10 0-(-1.97) -3-(-20)

Data4 0 5 209 379 204 2
Data8 2 39 108 94 101 55
Datal2 5 84 407 424 341 238
Datal6 5 247 214 15 1 12
Data20 0 12 155 197 29 8
Total 12 387 1093 1109 676 315
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Fig.7 (a) Mark contrast box; (b) YOLO-Tiny detection result; (¢) YOLOv3 detection result; (d) YOLOvV3+SPP detection result; (¢) Gaussian
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YOLOV3+SPP detection result; (f) YOLOv4 detection result; (g) J-MSF detection result
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Tab.3 Contrast experiment of JAnet network
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Darknet-53 458 87.2% 86.38%
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Bl 5 SR M AR A 00 R AT R (4R T, LA MR SPP!'"", Gaussian YOLOvV3+SPP, it # YOLOvV3 #l
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55T 204055/ ARkl YOLO & 44 AR 57 % J-MSF £ & 1948 7. 3K 5 AT LUE i, J-MSF i
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Tab.4 Ablation study

Darknet53 J-MSF Loss Fusion Precision R AP FPS
\ - D - 86% 87.20% 86.38% 66.3
R - D v 92% 92.20% 92.74% 57.5
\ - M - 89% 94.04% 93.88% 71.9
\ - M v 82% 95.00% 93.47% 71.6
- R D - 90% 94.00% 93.13% 59.0

R D v 90% 94.10% 93.46% 73.4
- N M - 86% 95.85% 94.80% 66.8
- R M v 88% 96.27% 96.29% 67.6
YOLO-Tiny AP=45.32 YOLOV3 AP= 86.38 YOLOV3+SPP AP=92.74
0.8 | 0.8 | 0.8 f
= Y- = o
206 f 206 | 206 |
£ 04t £ 04t £ 04t
02 F 02 | 02t
0 . : : : 0 : : : : 0 : : : :
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0
R R R
Gaussian YOLOv3+SPP AP=93.6 YOLOv4 AP=93.13 J-MSF AP=96.29
1.0 F : @ 1.0 F . == 1.0 F @
0.8 | | 08 | 0.8 f
=] [=] [=]
206 | 206 f 206 f
£ 04t £ 04t £ 04t
02 F 02 | 02 f
0 : : : : 0 : : : : 0 : : : :
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0
R R R

8 (a) YOLO-Tiny Precision-R [l £& ; (b) YOLOV3 Precision-R [l Z&; (c) YOLOV3+SPP # £t Precision-R [l £¢ ; (d) Gaussian YOLOv3+SPP
Precision-R [{fi£k; (¢) YOLOv4 Precision-R [14%; (f) J-MSF Precision-R [k
Fig.8 (a) YOLO-Tiny Precision-R curve; (b) YOLOv3 Precision-R curve; (¢) YOLOv3+SPP Precision-R curve; (d) Gaussian YOLOv3+SPP Precision-R
curve; (€) YOLOv4 Precision-R curve; (f) J-MSF Precision-R curve
R 5 YOLO RFIEBEIXTLIIM B ARl 45 R
Tab.5 Results of infrared target detection by YOLO serial model

Detection algorithm Xrp XFp XFN Precision R AP
YOLO-Tiny 2389 1355 1203 59% 64% 45.32%
YOLOv3 3309 435 283 88% 92% 86.38%
YOLOv3+Spp!”! 3318 283 274 92% 92% 92.74%
Gaussian YOLOv3!"¥+SPP 3407 758 185 78% 95% 93.60%
YOLOv4 3397 446 195 88% 95% 93.13%
J-MSF 3443 451 149 88% 96% 96.29%
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Tab.6 Comparison of mainstream algorithms

Detection algorithm AP FPS
Faster R-CNNP” 43.7% 35.2
SSD3002" 52.3% 154.7
RefineDet™ 63.9% 70.1
RetinaNet?*! 65.4% 80.3
YOLOV3 86.4% 66.3
YOLOvV4 93.1% 66.8
J-MSF 96.3% 67.6
100%
‘ & Faster R-CNN
90% & ¥ SSD300
@ RefineDet
80% ® RetinaNet
I @ YOLOV3
70% = # YOLOv4
% 60% | . @ J-MSF
50% | »
40% *
30%
20%

30 45 60 75 90 105 120 135 150
FPS
&9 EFiHk FPS-AP [k

Fig.9 Mainstream algorithm FPS-AP curve
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