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Abstract

Infrared Small Target Detection (ISTD), a pivotal technology in intelligent security systems, ad-
dresses challenges such as low signal-to-noise ratio (SNR) and weak feature representation through
a systematic framework. The methodology begins with multi-dimensional characteristic analysis
using public datasets, integrating background clutter suppression and target radiation modeling to
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elucidate imaging mechanisms. Under a deep learning paradigm, the research establishes a dual-
axis classification: Single-stage detection optimizes efficiency and accuracy trade-offs in YOLO and
SSD architectures via anchor-free designs and feature pyramid enhancements. CNN-based innova-
tions focus on multi-scale fusion, attention mechanisms (spatial-channel and coordination), light-
weight encoders (depthwise separable convolutions), dense cross-layer interaction for enhanced
feature extraction, as well as cutting-edge applications of Transformer and few-shot learning in in-
frared small target detection. Future priorities emphasize: Physics-guided networks merging radi-
ation physics with deep features for robustness. Edge-optimized lightweight models via neural ar-
chitecture search (NAS) and pruning. Explore the multimodal cooperative detection mechanism of
infrared, visible light and radar. Self-supervised few-shot learning using GANs to overcome data
scarcity. These breakthroughs will continue to evolve the detection technology towards all-weather,
high real-time, and strong generalization.
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Table 1. Infrared small targets expose datasets

* 1. ASMNBRLTFRIES

Ktk UIER S AR
MDvsFA 9978 100
SIRST-Aug 8525 545
SIRST 341 86
NUDT-SIRST 1061 265
IRSTD-1k 800 201

HEKJH: MDvsFA (https://mdvsfadataset.org); SIRST-Aug (https://github.com/SIRST-Benchmark/SIRST-Aug); SIRST
(https://ieee-dataport.org/documents/sirst-dataset); NUDT-SIRST
(https://github.com/YeRen123455/Infrared-Small-Target-Detecti on); IRSTD-1k (https://github.com/udasl/IRSTD-1K),

2.2. 4I5MBAREFE S AR

2.2.1. 5MEHRRNE R

AR AN E RN L (T el AR AN B b o =R B AN A NS e SN Bd v AT 150 1K ol s e e AR
/I B RS SRR S HAT S B (A R [8 ]

LEANS SRR R BRI = 5, SRS SR AT AN, T . AR R IR O 2 R A
AR, AR RS BT IR 2 sh & sl M TIEE, AR, KR
T T PR 5 M55 55/ B bw, 75l 8 R 25 e AR

2.2.2. S/ BErfFE

LA BARREE R IRTELLAN MR, H AR XIS T3 5 X RRE R (9] Z040/N B AR e
SR T EARRG I R R R i N A A R

ZLAMN BRI T I = B A OBk, — R R AR B H bR e Al (E ML Bl S —
& BAME M, 2SRRI B J5 2 5 £ SRR FEI[10]. MR WL, 4ME
BBz O 5ERER, THESRY ST HROSMEH AL, X SR B BB, i 5
FAOHHLE—— @ TR PRI 2 RS RS ISR SR BAR, ol SR IAT 1 U RS AR PR, HEh 4T
AN 17 B ] B 1R 5] S5 s AT A

3. ETF One-Stage ML S BRI T55E
3.1. &F YOLO RIVEZR R BUAE HRM 5 %

1£ 2016 4, Joseph Redmon %5 AFEH T —FF 25 4 1) YOLO WISESE R WA 1 [11], @i BUH e AE
A2 D BRI B A I o R B AR B OKR SR S, 20 BRI AR KL FE R 43 5 B0 H AR RS 2R 4%
wy ENREEZIR . X — %O EHES) T J54E YOLOV3 51 N 2 R Tl &6 A fb e g o
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HKJ5T Redmon, Joseph, ef al. “You only look once: Unified, real-time object detection.” Proceedings
of the IEEE conference on computer vision and pattern recognition. 2016,

Figure 1. YOLO network structure
B 1. YOLO M4g 454

YOLOV2 {E3E— AR A 3644 F 5] N7 Batch Normalization. Anchor Box %584 $ T WX 2% 6 il
¥4 FE . Lin Xupeng [12]55 NTESLIEA b, B 204 EHE H IR2 3l B ARAE AT SR F 4 FE S8 1K 7 12K
€ H AR FTE A FAER B o 8 A IIAE L S G A B AR T, e FRR R B T s Flie
KB oL, Mmide s 7 B bk v e .

TR UL YOLOV3 [13 180 5] N Bk 22 1% 452 5 R AIE 4 85 X 48 R R S B 22 ROBERFAIE il 5 JE 2 SRR AE AR
BN EARAHT, SRR EOE UG B Fo 2 RGN B Rk RS B YOLOV2 $27F 30%, A
N T 2 SR A I AR BR AT AR

Li Mukai 55 N 7E P28 5Ll FREATO0AG, 32 H T —Fhii 2 SEirPE B R 20 AMT AR B[ 14]. BT
YOLOV3 H 73 KM FIE /] LAMLAL, {5 % SENet HOMAFAEREATACE HARE 1B E, K SEblock FEGI A
YOLOV3 P& &k, =TT P& HIRIIRSE L . Qiwei Xu [15]4 A#E YOLOV3 B T M%& 5| A9 &R,
B8 R 2% RS R AE PRI, B2 Ry 8 R 40N H AR IR RS B 5 SR AT . Liu [16]5F AT YOLOvV3 45
¥, RSB A MR 8 FE A S FE ) ResNet Bt RARAL darknet H1¥) Resblock; FEAERT— 2 Gz
FokEEEE, MIMSoEEA darknet 5589, MRS 7/ H SR PERS .

YOLOVS [ 1711 Ayt BESE S A I X 2465, 75 T 76 IR 400 Ak 2805 75 Tk — B4R TH I 1 B - S.
Li[18]% A\1E YOLOVS FEaiti [, 7EFkZEEhrd 9] NjE S, DURAEST RAMGIE 5, H¥n T 2 R ER
W, FEm 7R BARI R B2 . Mou X [19]58 AFESEH T 4 THRHIE B4 RAL A ML YOLO-FR, H¥%
B X 2 B B RFAE 5 29050 9 28 I T2 A5 Rl G, Wang Y [20]58 A2 YOLOVS-AFAM B3k,
Maxpool FIEFHEE G, Bk T FRAEE, 380y H AR S RS 2 15 52 R 1« Fan X [21]55 A7E YOLOVSs
FFEft E, s Bottleneck Transformer 45441 CoordConv ¥s N E| ML Hr, WK SGEER G . Z. Wei [22]
S NAE YOLOVS W 2% £5 46 i N 3 WL P38 I 22 FROBERE I 38, A 2040k s B bk A 88 gk — 2 4
Ft. CaiRenhao [23]55 A$2H ) JH-YOLOVS-RDAB 5i%, 18 % EERZ KT8 LU EREE, 5INVE
BEANLHEREE A S aE 54 RKE L, R E IR . Dang L [24)58 ATE YOLOv7 HIZEA 5]
A C3-Faster fHIE RS, 454 NWD-GloU Fi Ak /N HFRIENH, SR CA = IpLEE— D4
F+ 7RIS - YUE Mingkai [25]55 ATE YOLOVS [1)3EAt - BiG /N B ARG Z , 5]\ SA (Shuffle Attention)
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FERSNLE], KA WioU v3 sh75 40 5k B BUE K 32T 4.83%.

Table 2. Performance comparison of different algorithm detection frameworks on infrared data sets

% 2. FRIEZAKMESRELINGEER LRI RELLEE

Algorithm Data Backbone Precision (%)
YOLO PascalVOC GoogleNet 63.4%
YOLOvV2 trainval135k Darknet-19 77.8%
YOLOvV3 PascalVOC Darknet-53 33.0%
YOLOVS PascalVOC FocusCSPDarknet-53 49.0%
YOLOVSs Infrared dim-small airplane target dataset YOLOVS5 improvement 93.7%
YOLO-FR Infrared dim-small airplane target dataset YOLOVS5 improvement 97.0%
JH-YOLOv5-RDAB 5023 images of infrared vehicle targets YOLOVS5 improvemen 95.1%.
YOLO-FNC DIOR YOLOv7 84.4%
YOLOV8_SG VisDrone2019 YOLOvV8 89.97%
PORLRIE: R ETE B RIE T AT IR PascalVOC LA SCHR[17] [21] [23] [24]; YOLOV8_SG ##fikH Vis-
Drone2019 ##E4E .

WA 2 FraR, o3l T SR i A 4R ARG S T T AR A TT R A MRS FEXT LE, A
RAPHAEAT A . YOLO 53k J et SadeAE 20 AN DN A RS E AR AP 4R T

3.2. &TF SSD RINEZRHBUA R ZMMITE

2016 4 Liu W 28 A2 T HBELL YOLO BE 4P SR M A% SSD Bvk[26], HIEMA R R AT
HFRRESR OIS A ARG 5R, ABEET XS /N H AR ARG B2, SSD Kk B A B Ty T #8 L >4 B g S
(RIRE AN B8 AR . SET SSD300 #E A LA 59 i/FPigdT, L 4i B)sEm YOLO B4R 77 5P

7E SSD BRI ELIFIER L Fu & A3 H DSSD #9%, ik ] ResNet B #ufsii[27], AT REHZ
W G — DR IAE B2 . Singh S5 AN[28] A2 RUERINZ 7 VI, A BRI IR, S+ 2L
Ho Lin 55 N[29]F HFHE 4 73 M S5 (FPN) R A BBt s IR B B, FRA Ak m s, 12
FEXE/IN bR BRI ELRE 7] -

Xin Xu 25 A\ [30]24i# 1 Single Shot MultiBox {48 42 #(SSD-ST), a2 HiR 2, il 17 HiE
R IK LR eV 2% (APF)HE— R THAG MRS BE . Z. Shen %5 A[3 1744 18 B AG I (SSDYHESETT & DSOD, Mk
FEUR S ST 5F GAT I A% DOMESE, 368 Ik 25 42 100 J2 i e S T O B M B A 2 S SR A A 2 o

Table 3. Detection results on the MS COCO test-dev set
%2 3. MS COCO #IBEMKNLER

Avg.Precision

Method Data Backbone AP S AP M AP L
YOLOv2 trainval135k Darknet-19 22.1 44.8 53.2

SSD300 trainval135k VGGI16 5.6 25.9 41.2

SSD321 trainval135k ResNet-101 8.7 30.1 44.5
DSSD321 trainval 135k ResNet-101 9.2 30.5 45.8
DSOD300 trainval DS/64-192-48-1 6.9 28.3 42.1

PORIRIE: 3R P AT UE R T A HEESE trainval 135k, trainval PL K SCHR[26]-[28] [31].
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EEXF 55/ B AR )Pk, SSD RN EEET 2 REER AL 5 RHE SR IR AR A M 28 42k, 23
I T/NEAREIEE ST, % 3 hIEGNSIAE T YOLOv2. SSD300. SSD321. DSSD321 L& DSOD300 £
MS COCO ##a4E Friukaimigh f. WRPEE R A, SSD et A DSSD321 5 DSOD300 it 5] Ak
745K (ResNet-101 Backbone). RASHZE K& 2 RERHERLE SRS, AR T 1440 SSD 4%/ H s
TERIERE A I . AL SR, YOLOV2 (DarkNet-19 Backbone) K] B R Tl BR 1, /N H ARG
WIRE IS5, i SSD KA It £ 2 2 AFE A TN SE L 1 58 A iR R BEE & ik

4. ET CNN ZZERLIMSU BN 75 3%
4.1. IREFESERMEBEXEEEIMETTE

ZRIERE S 2R - REERE A 5k, S s B bk e BAR R E 24 (55 5 RSBk
%o 2 JUSFHMERS, W5 EHRHES T BB EARRSPRN LTSN EE, SERAFEEIIN
i, SESRM RN B AR AR 71 AR - R s G, R AR B SO A
HFRDXI, Gl /et & s H ARl 5 5 SORRHE,  SBLamns BERFIE IS 3.

K. Wang %8 \[32]5I N 7 —FRHAEE SALHI G 58 A H BIRAE, SO0 T RHIEIEIE ) [ dE AR e BT 2
JREERFAERR A 1/ B AR S 7E MSFYOLO SE[33 14 FHG MRS FE .« H. Fang 25 )RS 45 SR 46y Tt
PZEBBIE, EH 3 U-Net B8IH[34], 456 1R A HIRE A R E PREIE, $ETHRIIRCR .
YOLOVS-AFAM [35]53%, 562 RE. ZRAESRHOLE] S i s B H bs R 380 RS 44 15 5%,
NTIE 2 =POK AN =R N ol

F. Chen %5 A\ [36]45 6 4% 5 Al R AR AR $2 B AT 45 =) DGy PR 1) JR3 30 U5 Fr (X 4% LPNet. AFFPN H53%[37]
i TIER I SFHES T3 . FTC-Net [38]5] N4 RiE & JRHESE IO /N B bR A D14 s gk — 2 52 7t .
Z.Wang S5 N[39]45 G b5 2] &2 s BN SCA YR, $2H8T RLPGB-Net H3%, ZEVETE AT SAITD
AU SIRST ##E 4 FRIL . 2 RERHMERE . 2R5RIGER A kg6, A/ BArk
MR EAS T — @ BIREFRE RS, g U Iy HARAS I ] 4 it 1 B A 2k R AN B o

Table 4. Detection results of infrared datasets

4. MRS RMNER

Model Data Method MAP
MSFT-YOLO NEU-DET YOLOVS + Transform 75.2%
AFFPN SIRST/IDSAT Attention Fusion Feature Pyramid Network 96.4%/98.1%
YOLOVS-AFAM BT EHIEEE  YOLOVS + Multiscale Feature Fusion and Anchor Adaptive 94.7%
RLPGB-Net SAITD/SIRST Reinforcement Learning and Global Boundary Attention HEBPA SOTA

BERIRIE: R TE B RIE T A P S 48 SIRST. SAITD AR SCHiR[33] [35] [39].

M 4 g B FE LEAT A, 2 R BERHER A SRR IWLHITE S 227 5t T RIS AE, (HF BT
HEIH. 5 YOLO Al SSD RN, LG AidEH @A se /a0, SR YOLO RANTEFRREE 455
A, M2 RERA . RIS R J s U, 575474 58 7 S
4.2. ET2EMMEREHK#EF®

A& R4 (Fully Convolutional Network, FCN)IE & Z B R &ERE, M2 AME B I B %4
FRAE B o JE TR B SRR 2R I 25 (17 /N B ARAS I 595401, 38 I 4 AR IR 28 5 2040/ H bR AT 14 B8R0 25 07
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e, Ay H AR 55 S0, L S5 M BINTE R LB RRAE B AT, $ETE/N H ARKS IS B
BT A A 0 2% 1) 4% 1) AT I U O RS I 7792 [41] FCST [42]« DBGNet [43 )50k 45 S [ERAAE, it ks
/I B RRASIN FR R P A A R R I %, 38 FH 22 RS A AU SRR AN IR 2 IR IR, 30 T X404 H
N el B

43. BEHENXEAFIMESRENRITSE

Li 25 \[44]% 11T The Dense Nested Attention Network (DNANet), 437>k SPSCNet [P 25 1 414 184
SR, I R RS AR, 55/ BERE) BT OUE B EERIFS R R AA, AR K
H1 APANet [45]f4 5 | — MG XE B EH LN & TN, 6 m g A TRE, /N H bR
FHAE, #0003 B bkl et — 252 7t

BENBTNE SR NSRBI SHE I FE, &SR RIZ% . Tandola, F.N 28 A4& H 1)
SqueezeNet [46]/& AN HE R BRI T/EZ —. MBI SERE T B EfR 2R et
W7, B I gD 2% 1R 2 B R R B = A A ) SRR (R I CRAF R ME R . Zang, Y 55 A\ LMANet [47]
R LY FE RPN BORICE T 3CE 2, 48 42 Ak . RDLCM [48]32 ) — Mk TR B G IR 2 M 2%,
o) RANIE RN UE el B

Table 5. Comparison table of infrared small target detection algorithms

5. SN BRREMBESER LR

Method Data Backbone MAP
DNANet NUDT-SIRST. SIRST U-Net Pd=0.98
APANet SRR AW WANER e €75 Asymmetric pyramid aggregation network IoU = 87.6%
SqueezeNet NEATEAR S G/ SqueezeNet &1k B A R AIK 40%
RDLCM bR liR s SN AR N 2 L€ TE X 3R 53 JR) 30t EL Rl &= Rl 42T 25%

BOBRIR: R T BE IR T A TF8ESE NUDT-SIRST. SIRST LA SCHR[45] [46] [48].

75 PRERAEON R R, SRS LR, R $E T 25%. DNANet fil APANet 7E
B 5 NRIMN T, HFEME %Y. SqueezeNet A1 Full-Scale U-Net 3@ ix 45 #4044 ST = 5000
EAMAREE . 5 YOLO 5 SSD RAIEEEN L, YOLO RAIZEE A St 53 AR e
FINLHBE 4 . BRI T BRI F I, (B BUER L 530 .

4.4. Transformer 5/MNEFEAREE SJLT40 s BFR4EN 5 5%

Transformer 224 5 /NFEA 22 2] (Few-shot Learning, FSL)F: AR B A 2L 40N B BRI 45038 1 BfF 72 44
& o Transformer 55 {5 Ho4x Jay i3 & U ALHIE KRR MR AL L IIL %, ReA RamIt 20/ N Bin 5 2%
SCHIARIZE S s T /NRE A 2 20 D 3 D B b v B S AT RO B, R R AL AR R ik ) A O R
.

Transformer 83 HVE & AR, B D Sl 1T 2LAMEER 2 R BRSOy @i . BT AL% Trans-
former (ViT)f] LPformer RIS Hi 5 Hi 16 755 2 9 Transformer Z544[49], AN A ROBE SRS 49l 7+
BE, HEETMERERG, *MEDBRERPSERMTT, $EF7E SIRST H¥dE FR Ik . Yang
H %5 \[50]#2 H PBT (Progressive Background-aware Transformer)#5 % K FH AEXT FRgm il % — fRfidas 224, 18
IEAT45 HI&E R 1142 Transformer B4 A4 B H brmi RATT 5t F R 3C, 7£ NUDT-SIRST #idf45 b %
T 44.4%.
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ANFEAR S 21385 702 )RR 5 20 SR, B Ak (base class) ™ B I F1TR PRIET 7% 25 R 55
YOLO %54 acontrario Y52 [ 2% > (SSL) [51], @it Gi it 5t AR @, #/N H AR “ w0k,
M) T S 75 5 177 SSL 3 ik S 451 4 51 Uil 25 backbone, S35 HETF T BIALAE D REAR LA R iz A RE
FERRIEZE A 26 AF A RE LRI i I R 5 IKIR K% . Han G %5 A$ZHUK FM-FSOD [52], fili& 4ot 2%
P I DINOv2 MUKHE F 840 Vicuna, 81 2 BRI Y ) SCLEREA S DREA L. 7E SIRST
Hiffitk b, 5-shot B E T AP50 1A 78.6%. Zhang J 55 A\ SuperYOLO [53], JEidH 2 #3470 3¢
MBRFZESRE, SHRD 18 (51 RN CREF R PR RE 0, &M THLERLLA T G SEif A B . 7E
ORASE e 1 R S 1 [T B R0 B e Ak
Table 6. Performance comparison between Transformer and few-shot learning in infrared small target detection
3% 6. Transformer 5/\EEARZF S)FELT SN BRI R A1 BEXTEE

Tl Lo SR PR SR
Transformer & RAFERALS . ZRESHAMEE  WWHEREG KRS, ISGBHEER ®lESRR. SRR

WA R B, 2 AR SRR TS
EEEE

INREARZES] BRRCR G, IERDET R R HAmMoh . PO E 5

6 A4S T Transformer 5/MEASESIELLANIN B FR LI TP I HEOARRHE 5@ 5. %RRY,
Transformer 5/MEASE SIFELLANIN F ARSI I EAMRVE o Al 42 R AR THRS B2, 2 i L
B v ORI A R TR RS0, — 2 i [ B R A AR ORI T (0 5 1)

5. &t

ARG T LLAIN H ARSI (0 BEARHE SR 5 IR BE 25 1 T3 A AR &% AR SR BURSHIN T S0k 55 CNN 4
FER S AL LB R . 2T YOLO RAGIRMSIE5eng, SE R Ik, HREEL L. 3i&
PR R B AT A AR T, SSD R A Ik 2 I B A 5 22 RUSIZR RN HARRF AL RO
G2 REAR - R G . B ERMESC H . Transformer 281 5 /NEAR % 515 CNN IRAL TSI,
SERERRIT, WER S BB NAS JUMER R LI SRR K.

FAITPE= N TEAR N & B oy oL R PN SR i (1 SN R o AL P o 2
ZANETT I MELOE R 0I5, 120 TG0 R, AR/ D RS T, Bk, T
SN H AR S T 5 0 -

1) FIEZA IR

Y BLER M B 5 Transformer - ARL G, AT RRENE N 2% 50K . 22 ROBERFIERE & 5 1B I U FIAL
i, IR R S I R, ST HARRRIERIA R ). RE ARSI, SIA
WL GRS MWARE R, WO SRR N RN ST IR, SEA S im0 & .

2) HlEuKah 5B

VAT o5 S I B I EHE R IIZR IR R, R A 70 0 0 26 M 1R 125 37 S5t A A 7 A

S5 5 A O DT 28 (GAN) AR i DR ELZL AN B bt R B BB 0 R Ao B2 ST 30 25 22 RO
FFIESRIAS SR ARIE Bl AN AL 17 R

3) A AR AL

R ATHOE. TEIA SRS RPN, 5% CNN-Transformer #5484, %1 SOAR #i%,
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