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Abstract Infrared target detection is an important means of remote search and monitoring, and the accuracy of infrared
tiny target detection determines the practical application value of this method. A detection framework based on a multi-hop
deep network is proposed to improve the performance of tiny target detection in complex backgrounds. First, to deal with
the “weak” and “small” shape characteristics of tiny targets, an anchor-free mechanism is used to build feature pyramids
as the backbone for extracting feature maps. Then, to realize progressive feature interaction and adaptive feature fusion, a
multi-hop fusion block composed of multi-scale dilation convolution groups is designed at the connection level. Finally, to
reduce the sensitivity to position perturbations of tiny targets, the Wasserstein distance between the real and predicted
targets is used as a similarity measure. The experimental results show that compared to existing methods, the proposed

method delivers better detection performance in terms of accuracy and efficiency.
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Fig. 1 TImaging characteristics of infrared targets in complex background. (a) Target imaging performance; (b) grayscale distribution of

infrared images; (c) top view of grayscale distribution

3 kSR

Jr B T AG I 21 AN/ B AR 1) 22 Bk TR JEE TR 45 11 83
PRHEZR NP 2 B s, el D 4R LD A0 SRR AR B9 4
R DEE IS R Sk 7 R A RN SR il By 2 i e i
2% 2 - i A1 05 5 DR 25 ] < o B L AR L B (FSPPB)

https://www.cnki.net

A, e H P i BE R E 2 W T — N MMFB., AT
AL B8N 5 S B MMIFB | 22 R BE (14 8 ik 45 FR 41
SR o IRV I 45 Rl 08 A Ak b S R R 72 4 R 1 Ak
/N AR B F SCfE B, e B ik U E 2 1. B
FEFRAE & 3 M s a8 P IR IE ML A L R AR A
MMFB 43 32 fl FSPPB B A [F] 467 FE 15 B o gmfid 2% 1

2237008-2



o [ %71

£ 6155 22H/2024 F£ 11 B/EBAERBEFEHE

K2 TR 5 i ) ACRE 2

Fig. 2 Overall framework of proposed method
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Fig. 3 Structure of MMFB and class activation mapping diagram of corresponding branches
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Table 1 Comparisons of different methods on infrared target detection

Method Target Recall /% Precision /%  Fl-score /% F./% FNR /% Time /ms

) Tiny 56.8 52.4 54.5 41.6 43.2

MDFA-CGAN 27.1
Small 71.1 45.4 55.4 16.5 28.9
Tiny 19.9 26.7 22.8 44.1 80. 1

ACM 30.3
Small 54.9 57.4 56. 1 7.8 45.1
Tiny 69.9 73. 6 71.7 20.2 30. 1

DNANet 31.3
Small 86.8 86.7 86.8 2.6 13.2
Tiny 92. 1 60. 6 73.1 48.3 7.9

YOLO-FR 6.4
Small 90. 6 56.3 69.5 13.5 9.4
Tiny 97.0 94.5 95.7 4.5 3.0

Proposed method 11. 3
Small 91.1 96. 4 93.7 0.7 8.9
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Fig. 5 Visualization of detection results
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Table 2 Ablation experiments unit: %
Baseline MMFB NWD Target Recall Precision F1-score F, FNR

J Tiny 95.1 79.0 86.3 20.4 4.9

Small 46.5 99.6 63.4 19.5 53.5

Tiny 95.9 84.7 90.0 4.2 4.1
N ~

Small 89.4 89.7 89.6 2.0 10.6

Tiny 92.0 90. 4 91.2 5.3 8.0
N, N,

Small 93.5 82.6 87.7 3.8 6.5

Tiny 97.0 94.5 95.7 4.5 3.0
N ~ N

Small 91.1 96. 4 93.7 0.7 8.9

i F MMFB % 2% 3 A0 5 S8 0 RUBE | 15 700 i g 2
2 B R A SO {5 B RHE R |, DL Bl N 26 76 TR
2P LT A B AR BG5S /ANERAE o T G K A R R
AT DAL T )32 (0 RS X8k, A5 BT B B A A H R
BT 2 H] 56 21, DU S 250k /0 1 53 A T A7 00 /N
Hbr i ZRFEEE 4. 2% . #ad5] ANWD 5 3 fr
HE PR AEARLEE | 5 T 20 AN H AR B R AR AL, 51 5
LR NS TE SN B bR , R T ToU X0 B R3304
JE ) L, E— 23R T 20 A AR BRSO R R, 3RAS T
/B bR 3.0% 1Y B AR T SR/ B AR 0. 7% 1Y 5 Ik §
4.4 EE—NMEEELNEREA

T A T PP AL BT R 5 A L R A4S/ H AR
(IRDST) %% 8 v 47 i — 20 F i % B 52 0 L
85437 5 Hr 1 40650 i B AL LT ARG . 555/ RHLEL
P 4R E  IRDST B4l 48 ¥5 K 9 F R F 1) % 4 &
1%, B bR R SFEE A, 93. 4% A 5 pixel X 5 pixel~
9 pixel X 9 pixel Z [0 B £L 4k /N H b5 o 75 A B 58
IRDST #8459 21040 H b ml DLk b J& /7 B Aw o
IRDST %45 8 42 18 6: 2: 2 19 LU %) 9 o YN R 48 56 F
LA LE | KR WUEC 3 51 ol 24393 ,8131 F11 8131,

https://www.cnki.net

W 3FR, e r bR e T ErERe , RR T
4.3% W R R UE— B IR T X & R g S 0 3
P AR, B 6 IR T AR I J5 75 78 IRDST £ 4% 46
IS5 SO = B T P s 9 N o S S SR 7
T A, X 2 901 ) 46 € R 20 € 5 1 S 7, i EL S H
Fr X 8 H W% A FR R . MDFA-CGAN 7E 77 4F 2 /> i 2
I T W E 2 AL HR. ACMIEZ 24 Hix,
DNANet s % 14 Hbr . YOLO-FRYE =4 2 4> i &
BTG OL R AR B R 3 A Hbs . e T LR A
7k T IR AE R P A B LT S A 3
AN E bR, L, bR S AT DL TR 4 00 E BT 4 O iR
25 2K N 5 W AR R BE

3 fEIRDST i 4 F st

Table 3 Comparison on IRDST dataset unit: %
Method Recall Precision Fl-score F, FNR
MDFA-CGAN  41.6 44.8 43.1 55.2 58.4
ACM 35.5 35.9 35.7 64.1 64.5
DNANet 89.2 90. 5 89.9 9.5 10. 8
YOLO-FR 83.2 58.5 68.7 41.5 16.8
Proposed method  93. 6 95.7 94.6 4.3 6.4
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Fig. 6 Visualization of infrared targets on IRDST dataset

5 %% 12

i — o ity 20 35t 11 22 kR R T 4% LG I 2T A /N
A5, FFH GRS AL 5 6 R AE 4 7 3 A B T 9 45 41
HCRAE A 7 Bk BR O 423 40 e i T i 2 R I Bk B A
ZH A8 B MME B DLl & A A 2246 0 3k XA ]
AT HARSABYE EE . S T FRARE R T 6/ B Ax
o7 B 22 B SO RN Grrp (B SE H AR S Tl B
Fr ) W asserstein B 2 7E S B & 00 AL PE B o . SR ER
SESR UM T B 2040 B AR AR I 7 28, BT 2 B iR
JE IO 2% RE i PR RS 0 b RS 1 2140 H s

AH LTI 20 A B AR A I T ik, Br i O Tk 6 A
NHARE BT R AR 4 R AR R
R AE T 11, 3 ms ARG T B G 95 AR 4 315 O R K
T AEBERRE HbR b kR E A FREM S,
R A A A R RIS B R Ty R AT A T, O 4k
e R AL /N B AR FEAS  JT B BE A S N H A RO B
AL T3 55

Z £ x #

[1] ZhaoMJ, LiW, LiL, et al. Single-frame infrared small-
target detection: a survey[J]. IEEE Geoscience and
Remote Sensing Magazine, 2022, 10(2): 87-119.

(2] SAMER, ZEER, BRACOW, 4% . BA A8 g MR AR By 2050 ok
HLPR DU [T, 3224, 2019, 68(12): 120701.

Hu W D, Li Q, Chen X S, et al. Recent progress on
advanced infrared photodetectors[J]. Acta Physica Sinica,
2019, 68(12): 120701.

[3] %, T, XV, 5. 36050 T KR = 2040 B bs

3 R 5 U] SE2E2 4R, 2023, 43(6): 0612003.

2237008-8

https://www.cnki.net

(6]

(7]

(8]

(9]

Hou Y F, Ding C, Liu H, et al. Enhancement and
recognition of infrared target with low quality under
backlight maritime condition[J]. Acta Optica Sinica,
2023, 43(6): 0612003.

Wang H, Zhou L P, Wang L. Miss detection vs. false
alarm: adversarial learning for small object segmentation
in infrared images[C]/2019 IEEE/CVF International
Conference on Computer Vision (ICCV), October 27-
November 2, 2019, Seoul, Republic of Korea. New
York: IEEE Press, 2019: 8508-8517.

Dai Y M, Wu Y Q, Zhou F, et al. Asymmetric
contextual modulation for infrared small target detection
[C]/2021 IEEE Winter Conference on Applications of
Computer Vision (WACV), January 3-8, 2021,
Waikoloa, HI, USA. New York: IEEE Press, 2021:
949-958.

Dai Y M, Li X, Zhou F, et al. One-stage cascade
refinement networks for infrared small target detection[J].
IEEE Transactions on Geoscience and Remote Sensing,
2023, 61: 5000917.

Li B'Y, Xiao C, Wang L G, et al. Dense nested
attention network for infrared small target detection[J].
IEEE Transactions on Image Processing, 2023, 32:
1745-1758.

Mou X G, Lei S, Zhou X. YOLO-FR: a YOLOvVS
infrared small target detection algorithm based on feature
reassembly sampling method[J]. Sensors, 2023, 23(5):
2710.

FAFE, HAT, A ARAL . L0 TR 55 /0 B A A I 4
AREER[T] Bt 5EH T2, 2019, 56(8): 080001.
Wang H X, Dong H, Zhou Z Q. Review on dim small
target detection technologies in infrared single f{rame

images[J]. Laser & Optoelectronics Progress, 2019, 56



Rt

£ 6155 22H/2024 F£ 11 B/EBAERBEFEHE

(12]

[15]

o [ %71

(8): 080001.

LiuS T, Huang D, Wang Y H. Receptive field block net
for accurate and fast object detection[M]//Ferrari V,
Hebert M, Sminchisescu C, et al. Computer vision-
ECCV 2018. Lecture notes in computer science. Cham:
Springer, 2018, 11215: 404-419.

MY, RS, JUL00E, 55 . Hi/25 8 55 T 2050 KR 5
ANTRHIL R A I R R RO S [T]. o B s L 2020, 5
(3): 291-302.

Hui B W, Song Z Y, Fan H Q, et al. A dataset for
infrared detection and tracking of dim-small aircraft
targets under ground/air background[J]. China Scientific
Data, 2020, 5(3): 291-302.

Desai S, Ramaswamy H G. Ablation-CAM: visual
explanations for deep convolutional network via gradient-
free localization[C]/2020 IEEE Winter Conference on
Applications of Computer Vision (WACV), March 1-5,
2020, Snowmass, CO, USA. New York: IEEE Press,
2020: 972-980.

Shi T J, Gong J N, HuJ M, et al. Feature-enhanced
CenterNet for small object detection in remote sensing
images[J]. Remote Sensing, 2022, 14(21): 5488.

Xu C, Wang J W, Yang W, et al. Dot distance for tiny
object detection in aerial images[C]/2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW), June 19-25, 2021, Nashville,
TN, USA. New York: [EEE Press, 2021: 1192-1201.
Wang J W, Xu C, Yang W, et al. A normalized
Gaussian Wasserstein distance for tiny object detection
[EB/OL]J. (2021-10-26)[2024-05-06]. https://arxiv. org/
abs/2110.13389.

SULYL, ERT, RAEW , 55 . BT AL HR O B Y £
Gh/IN RSN J7 1 [T]. Ot 5ot i 7oz gk g, 2023, 60
(16): 1628006. Wu H K, Dong K Y, Song Y S, et al.
Infrared small target detection method based on weighted

patch contrast[J]. Laser &. Optoelectronics Progress,

[17]

(18]

[19]

[20]

[21]

[22]

2237008-9

https://www.cnki.net

2023, 60(16): 1628006.

Sun Y, Yang J G, An W. Infrared dim and small target
detection via multiple subspace learning and spatial-
temporal patch-tensor model[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2021, 59(5): 3737-
3752.

Tong X Z, Su S J, Wu P, et al. MSAFFNet: a
multiscale label-supervised attention feature fusion
network for infrared small target detection[J]. TEEE
Transactions on Geoscience and Remote Sensing, 2023,
61: 5002616.

Guo L. C, Sun X L, Zhang W L, Small

aerial target detection using trajectory hypothesis and

et al.

verification[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2023, 61: 5609314.

Yan P T, Hou R Z, Duan X G, et al. STDMANet:
spatio-temporal differential multiscale attention network
IEEE
Transactions on Geoscience and Remote Sensing, 2023,
61: 5602516.

Fu K R, Zhao Q J, Gu I Y H, et al. Deepside: a
general deep framework for salient object detection[J].
Neurocomputing, 2019, 356: 69-82.

Yu J H, Jiang Y N, Wang Z Y, et al. UnitBox: an
advanced object detection network[C]/Proceedings of
the 24th ACM International Conference on Multimedia,
October 15-19, 2016, Amsterdam, The Netherlands.
New York, NY, USA: ACM Press, 2016: 516-520.
Zhou X Y, Wang D Q, Krihenbiihl P. Objects as points
[EB/OL]J. (2019-04-16)[2024-05-06]. https://arxiv. org/
abs/1904.07850.

Sun H, Bai J X, Yang F, et al. Receptive-field and
direction induced attention network for infrared dim small
target detection with a large-scale dataset IRDST[J].
IEEE Transactions on Geoscience and Remote Sensing,
2023, 61: 5000513.

for small moving infrared target detection[J].



