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1 School of Information Science and Engineering,East China University of Science and Technology,Shanghai 200237, China
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Abstract The task of infrared dim and small target detection is one of the key research contents in the field of infrared detection.
However,due to the particularity of its application scenarios,the data containing infrared dim and small targets is rare,and often
not fully labeled,which poses challenges and difficulties for data-driven deep learning object detection models. In order to solve
the problems of limited datasets and lack of label information,an infrared dim and small target detection model based on cross-do-
main migration of visible light and infrared is proposed to migrate the more abundant visible light domain supervision information
to the infrared domain,so as to achieve unsupervised training in the infrared domain. First,a channel augmentation data proces-
sing method is designed on the basis of YOLOvV5, utilizing low-cost channel separation techniques to convert visible light images
into infrared like images, reducing the modal differences between the visible and infrared domains. Then, a multi-scale domain
adaptive module is constructed.and the features of different scales extracted by the backbone network are used in the way of ad-
versarial training. Domain confusion is performed in the feature space to reduce the impact of domain shift and improve the detec-
tion performance of dim and small target detection. Experimental results show that the improved model by the proposed method
can improve the average detection precision compared to various versions of the YOLOv5 original model. Compared with other
existing unsupervised domain adaptive target detection algorithms, the proposed method is obviously superior in the detection ac-
curacy of small infrared targets.
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Fig. 6 IOU of small targets is sensitive to position offset
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Table 1  Ablation experiment results of AP across 10 sequences
B iR % R %, AP
’ i 2 Seql Seq2 Seq3 Seqd Seqb Seqb Seq7 Seq8 Seq9 Seql0 Average
X X 0. 550 0.752 0.666 0.556 0. 445 0. 829 0.448 0. 887 0.492 0.906 0.653
YOLOVS N/ X 0.616 0.703 0.755 0.700 0.520 0. 840 0.451 0. 895 0.552 0.927 0.696
- X N 0.551 0.760 0.707 0. 694 0.571 0. 856 0.496 0.861 0.562 0. 867 0.693
J N 0.729 0.861 0.724 0.724 0.619 0. 807 0. 497 0.913 0.602 0. 884 0.736
2 PARLESIA) Y 9h BRI R 3 AIEPEREAE AR ) U Rl 3 45
Table 2 Fréchet distance between two modes Table 3 Ablation experiment results of different performance
B B2 HE indicators
R 41 4h K 197.92 & % RE
CE - . P R F AP
AAHBENTLER  AAK 182. 98 HHE  HEH 1
X X 0.784 0.592 0.675 0.653
% 3BT YOLOvS AR | 200 7 il 5 3 1o 55 4 1% COLOw J X 0.752  0.665 0.706  0.696
. X N 0.720  0.673  0.696  0.692
] Pt
LR 0 A0 R B B 8270 1 B 8 Ry Do e

BT R e 10 AN F S L PR FORI AP 4 A PERETE AR
PO 5 R B4 S . A X BL ST 56 45 R R DL K L 5 G Y
K W R 22 R S 1A A R B T LA KR v A el R A F
H % YOLOvS He 8 4 B 4 & , 30 BT 42 th /9 WA~ 7 B 3k
fil B i S AT o B RO 4 R 22 )R S AR L i il Al
BB W N 22 R G N AR R 8 B RS O vk AR E
R PHMABAMER LALLM —ERERT, F M
AP ¥ 5 . 72 W BT $E 88 BE 08 2 T X 41 Ak 55 /0 H BR Y ke
) B

3.4 3Lk
A SCIE H 4R R BT DL S 41 A1 5 SO A B 5 B B

B 6 B JB 7 AE Y S AT ) L S L L IR AS ST AR B T
TR TEE T AL A /0 F b A 0 A AR A B SE -h 1T T Lo
RN 2T A1 8 2 18] 19 25 5

F 4 I T ASCE 1B U5 3 A1 YOLOVS . DA Faster R-
CNN(DAF)" NLTE B 48 10 420507 51 1 OF 3
R By LGSR,

24 ANRBEBIAE 10 AP F 1T 508 BE 0 6] b 52 50 45 R

Table 4 Comparative experimental results of average accuracy of different models on 10 sequences
AP
#a - - - -
Seql Seq2 Seq3 Seq4 Seq5 Seqb Seq7 Seq8 Seq9 Seql0 Average

YOLOVS 0.550 0.752 0. 666 0. 556 0. 445 0. 829 0.448 0. 887 0.492 0.906 0.653
DAF 0.164 0.253 0.697 0.427 0.358 0. 657 0.461 0.754 0.562 0.821 0.515
NLTE 0.189 0. 304 0.659 0. 450 0.357 0.702 0.466 0. 805 0.593 0. 856 0.538
Ours 0.729 0.861 0.724 0.724 0.619 0. 807 0.497 0.913 0.602 0. 884 0.736
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Detection result graphs of different models
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Table 5 Calculation and parameter quantity of YOLOvV5 versions
AR A i E S HE
YOLOvS5s 16.5x107 7.2X108
YOLOv5m 49, 0X 107 21.2x10°
YOLOv51 109. 1107 46.5x10°

6 LAMREEAE YOLOVS 2 RRAS I 10 4G 0 14 il 25 21
Table 6

Detection performance results of infrared test data on

various versions of YOLOv5

B K P R AP Inference
speed/ms
YOLOvSs 0.784 0.592 0.653 1.2
B # YOLOvSs  0.837  0.658  0.736 1.2
YOLOv5m 0.718 0.613 0.661 3.4
% # YOLOv5m 0. 866 0.733 0.789 3.4
YOLOv51 0.701 0.621 0.631 5.4
% # YOLOv5I1 0.821 0.670 0.717 5.4
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