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Abstract:

Infrared Small Target Detection
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Infrared small target detection (ISTD) has important application value in the fields of military

early warning, disaster rescue and precision guidance, etc. However, the existing methods have core prob-

lems such as an imbalance between local and global features, and insufficient robustness of the model

under small sample conditions. To address these issues, this paper proposed a new model called multi-

scale dynamic fusion with local contrast learning (MDL), which was based on the hybrid architecture of

Transformer and convolutional neural network (CNN)D , integrating multi-scale dynamic weighting and
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adaptive local contrast constraints. Firstly, a dynamic weighted fusion multi-scale context augmentation
(MCA) was introduced into the architecture of Transformer, which effectively solved the problem of
imbalance between local and global features in small target detection, and at the same time significantly
reduced the redundancy of the attention mechanism. Secondly, this model included a dual-branch hybrid
dilated convolution (DHDC) module located in the deeper layers of the network, which enhanced the
detection accuracy through high-resolution feature reconstruction and semantic information from deeper fea-
tures as a way to strengthen the target edge representation. In addition, a local contrast convolution
(LCC) module was designed, which incorporated the traditional local contrast idea to significantly reduce
the model” s dependence on the number of training samples and maintains excellent robustness even on
small sample datasets. Finally, a series of experiments were conducted on NUAA, IRSTD-1k and
SIRSTAUG datasets. The results show that the method proposed in this paper achieved F1-Scores of
88.98%, 83.51%, and 86.38% on the three datasets, representing improvements of 1.06, 2.48, and
0. 76 percentage points compared with the baseline model, respectively.

Key words: infrared small target detection; Transformer; attention mechanism; multiscale features; local

contrast

KA JRioxs L FE A 7 etk , 42 H ALC-Net; Wang
SN ISTD FAR Ry A BT 0 5%, e Bt s 462 1
e LS A R EUR U B B A HLA5
F2H 1 DNA-Net (L8R, 40 28 R 28 = A2 A
[R5 BT TURMESS G, itk BAn(s B RS 724
i 2 AT 356 2 iRt 2 st , ) FH 0K 3 1 R s () U
JIRLHI LIRSS /N HARREN . (HEETIRES: A9 ISTD
TR N IR A, 1D R 75 GHEE CNN 5
Transformer =5 M PSS 101 A0 Rl T 58 )38 i
FETE SRR P L 5 2 Jm EA TR A [l A, CNIN A2 [
FE A BT PR, MELMHHER N B AR 2 RO R S
Transformer B BE EAR KA, H1 5 R IMNES
(IR LM 5 RV o3 5 vk 2R & PS4
WAREXTISTD HFRFHERES . 5 5 T2 0%
OFFEBO A FCERIALS] , A FEBUN bR %
Ko 20 ZLAMNSEAGZPEHLEI ) sEma , SR, 4
W N )2/ T RO IR R B i S SR AR
ARG LA, B3 B AR AR X 2 A HERE

3) ISTD H H AR X 3GE 7 A 5 R 9 0. 0104, 3L

0 3| &

T 20 AR I & 48 19 ISTD (Infrared Small
Target Detection) & & R4t . K il T2l ANeE L
WL R G4 T G HERR , ZETH AL ek,
— AR H S S ISTD 574 0T A
O3 R TR 2 2] () 7 VR L T4 9K 5l i T i
2#>J (Deep Learning, DL iEM KL,

FEFARRIE - T W ISTD ik T 2R LS
G AL B AR, IG5 B ARRRIE . a0 Li 5655
TLLAME S Btk , @t Bt A Ak ny uE A%
PP 2 i, AR R MRS NS 5 00 22 50 15 3 5
e H AR HFEPEE R, HTE R e S R AL
18 o Han 8515 T4 i 40 P AV PR &2 1Y)
2, W H AR I a4 45 R B A R %S
DB A s HOG MR RS URR, 3 B X REE
SR, ME LIRS BRI AR 4% B AR kAR N
2T &R .

AR, BT IRE 2 ISTD JUig T &2k
J& o VRIE 27 2 5 ik Rl A B AT E R
L5 PE I HARFRAE | AT B AR, AR
I H AENME, HAT, L Faster-RCNN'®', Yolo'™,
SSDAE MR AP AKX 45, 765 ER4E T
BUS TARGF RS, AMBAR T T — RS & TTEXT
ISTD B3 EIZ I 2 25 E5H8 « Dai S 2 T —
P T B 28 AR ACML, B AR R 3
EH G 2 ROERHIE, 25 H 3t 5| AP

IESREAS LU BEGA , MHZ S RIAEA R B bR i/
BEIRT . S FOHERE , ARIBORA I & Tl AR 55,
il T REAETE P IS . X =5 mIRERH E A, fFISTD
852 25355 T R ARG DN T v 1 25 DA o

BEXS R, AR TRT 2 RE S
fil A 5 R EB X L AE 2] 0 R % 5 A (Multiscale
Dynamic Fusion with Local Contrast Learning for
Infrared Small Target Detection, MDLNet) , i i
Z RUE g8 MG 5 R0 He 2 21 1 U e Ot A6 AL



CEVEE 227 1)

T Z REZ G 5 RS LL A ZLA N B ARl (R 5155) 289

i, SEBLT ISTD 7ERFAERG o | WS S S5 A AR L
B SR

D It 7 2 RE L SCHE 5 (Multi-scale
Context Augmentation, MCA) B, 3T Trans-
former BEHE FAG B A IIAL RS L], 45 G4F 55 H ik
[T RIS 65 | T R, PRl B D U T
R [RI f E R T 22 ROBETE: SURIARACR, A 30T
JRFRANY 542 Ry bR S, MR TRRIE SR A R]

2) Wit T W45 A1 4 FL (Dual-branch
Hybrid Dilated Convolution, DHDC) &t . >k
AEXF PR 2 ) 45 FRA5H , Gl TR AT 4 B 45 A S
TETR YRR WS , B RGN X 2 R BE AT IR R
SRoeEEE, I SRS

3) g A Ja HB X} b 24 3R B (Local Contrast
Convolution, LCC). il 1& 48 Jryf Xt b BAR 57T
2 ) B, B AR B 25 570 b B A R
L, 2 B AR TR X )1 i AR B AR, 2 T
TINFEAZFE P RS

i 1 s, LOAE LA H bR, BOHE R g
o TR it — 246 BB B S 15 31 58 9K R AE
B, AT OS2 A B AR T 5 R R
258 MCA B B S W REAE IR, AN el 1
e N L Bk A = R U S S (1 AU QL3P S ]
if DHDC B8 AR B 5 i 45 51, AT H AR FEE
AT T HER AR AL B

ConvModule MCA

o R

Local Global

Bl 1 ORI B B2l A EHE RO RHIE T R
Fig. 1 Visualization of feature maps for different phases of infrared

images
1 77 %
1.1 BR%EH
NP ISTD sy 8 5 42 Ja R ik 2R 4 | 42 9%
TR T ANVREAR B RN A R R
MDLNet 3f H] U-Net 2 g ff# A5 220451, il 1o ¢

I3 58 — 201 A — REAS R AL AL Y = Ak PR
AR, SEBAR IIERERY TR T

S g 4t TR B B 5 34 MCA H 5k
PR, T, WA A B H X i A 20 A S 2k 1 7
SERBRRIESR I, 5 UGS IL ALl e AR IR B
MCA BEH A HT 4 @l & Transformer 2844 5 2 R
23R , — )7 138 ik Transformer B97F 2 141
w2 R 1 SUE S, MRUUE S CNN Rz
B Jo R S EB0AY /N B ARERAE 2 23 () B, 59— 7 1
1o 22 RUBE 25 A 45 B AL R S 40 1 S B, [R5 A
A IMALE A WL 5 R e 005 | S mg , 7E /0
RS ICATT R M TR, SEBL R385 4 R FRAE Y
NS VAT , A3 R T S M R IR B s AR RRAE
FE. migieE i Z R T REZR LY KEZ
BF, WO DA RAR RS /NG H bR, R
REWRS E T

W 28 ot 8 )2 % B DHDC, 41 % gw it #8 T R
Je A A3 R B L G5 B R A ), R
FHAR TR XS5 37 2548« it 2 3 A S 3k B Bk X
P REESZ I, PR FF H AR IE e 50k 5 BRERE B0
E s R E s B, i — 2 F E IR
TSR P SRR 2 BH R, 45 A E
3 N Ak 5 5R 25 E A, AR R 45 1
FEIR A0 8, [R] s 3 2k 145 fll B R SO 7 A1F 3 1
BCESEATBh AT %, sk BARID G RIE, N5 &k
FFE R 25 P 400 1 PR O B4 B

A B R4 i 34 LCC SEHUARAE FoRAE S
T . B BB O R Bl 1 A SR R
o2t 2] AR ST 25 ) B B, BROREE BARd0 1 15
B, SRR R BRI RE R A MR K . SRR R
B, MR T ARSI A LCC R H i JLfERE AL, LCC 5
Al /NBEAR S TR R RS T RS BE AR T 7.6 E 4
A, S RS AR S RIS o AR P 44

& 2 R B MDLNet 3% F U-Net 3 2 i it 22
., WNAEBLRE gt )2 S M.
B ALLANEMG G , o2 dnti % BT 4R 4 B B (PR
1T Conv(3 X 3)+ Rel.U iz 58 ¥ B R AR 1E , 75
Wik 34 MCA, 454> MCA i B £ R BE 25 {45 11
(T B R d=2,4, O TR RZEH(EE,
gh AR AL B MU BRALARAE , IRk Ea A
5 REEZ S AR ROE AREE . B,
P21 DHDC #58 LL XU 329047 A9 ik LA 2
2 2 AR e E DR S TR A
MG SR AR LS AR . UE A ISR S , e
5B UK SRR RST, [R] s 3 2ot 195 )23 Bk AR 2
2 i 5 Xk 17 Y B ) 2 2 A0 Y R AE , B IR &



290 ol R 2 CARBERD 2026 45 3 1

3ALCCHELH, B4 LCC BT /X it 88.98% 1 Fl-score, $AH [R] 5256 4544 T 1 S L
BB IR AR AR, BRI ) 3 X 3Conv+ ReLU 5 3 X BUHRFLT 1.06 A 43 5, FoAMIIE T %M1 H-AE
3Conv + Sigmoid ¥ ¥y, A2 1 X 1Conv 43 H] $EHL MRS E SFEAZCRIL AL LR R IL
Sk H bR WU A, 7 NUAA B8 4 se Bt

ﬂxzxc Ex[xz(’ Exzmc Exlxg(‘ Exlx]ﬁ(‘ ﬁxegC Exzx‘;(‘ EXZ 20 HXWxC
) 4 4 8 8 16 16 16 16 g 18 4 4 2 2
HxWx3
< < < o
= <) o < DHDC <
Gy )

Encoder Decoder
WA SIRE TRAS TSR
o (DHDC)
ZRJE E R SCRE B (MCA)
G
EE
| 1% [ o H—
2=
8
— =
S P Addation
QMuliipication
R=1 R=2 R=3 G)Snﬂmax

2 MDLNet 2 &l
Fig.2 MDLNet architecture diagram

A B2 R TR W L eRT Y VRILER"
1.2 SIREEFXRERR (MCA) SR A L AL AT T U8, A% B A i R
AN LA BRI RIS IR gER Y RER R AER™ Y, 2R R %
ARV, A S MCA, BRI S Stk B | S PR L 3 0 M 2 7
RSB R S, T O RIS, 6 g MR B, SR g
G R B S B BT U AR A AT A RIS B L 43 B asrention € R,
KU R , T8 KR RO B TE R ) Sk 6 RS U, T attention #6471 1 5 BURN softmax i3 7,
(G R R RS K R R e Sy AT MBI A atrention € RP 9.

27t 2 (102 () -8 T OBUSCER RS ML, R R q=FC(reshape(PW (I,))),
TR ek EF C. R SO TE 4 A k=FC (reshape( PW (I,))),
MCA BRI L - attention =

DA A TE R Y€, e i o T 4 3 i (P CSHEAC SwDAeY). (2
BRI U TER ™ Ol ARIEEL H. ik g0 BT 5 WA o A, 19 504
W CoriFen Hom B | 58 BE M 20 - Ou ERIFWHC,

L RAEHMERRUGE : SRR SHN O senion = attention X v, 3)
IR BULAR, PRSI Cono (1HER™ A1 SR SRR 5 T BT @ T
DConv(I)ER" ™*C 8% |5 ¥ Conv(I) F N EEEE B4, 5% 2458 o 57 b K 2% 18 o i
DConv(I)MINAFE]ve RV, B OEeR VR,

v= Conv(I)+ DConv(I), (1 O=I+v+ a0,
Kr: ConvC)RER; DConv(-) Y KRG, O=Conv(O)+PW(O), (@)

2) R NBCEA AR AL — U o AT I RBUE  Conv ()R ETR; PW(-)



CEVEE 227 1)

T Z REZ G 5 RS LL A ZLA N B ARl (R 5155) 291

SR OE R ONFRIERLE JF I o

A RLE 2 X 34 MCA BLRZ 2SI, R
AR 58 F SRR AR I e DR TR SR AR
Ferp AR 2K BT

1.3 WHXREYT KERER (DHDC)

23 MCABEHUAEBR)S | A RRAE P v g e P
YA RBOERR , YA S (R IE AR 28 2 W 25 IR 2
BF, BT BRI AR Z B K, 7 TR 2
ARFAEAL BEALE] . X 52 A 5 S s T4 3L
ISP 22 19 [P, AR SCie it 17 DHDC Bk

WnlEl 2 v, DHDC B R driie 1 X070 32 25
¥y, SR SRR Y SRR 0 2, 4, 6
8 B 2 A AR DAY RS B O 4 H A 5 B
PR, BT SO SO B E B 5K 3R 00 Bk ER S AR
KIEAZBY o PO SORFAR 2838 18 DR )5 50 L RUEE
AlE, A5G RUBE H Y Ak S 5k 22 i A, A AU
T UR)Z M4 rh R AE IR AR R T

iy NFRIETE R i it 4 AR 43 SO A 7
FEkER A AR 3 AL BRAS 3 Yo R Y o, BRI

Yo = Zj:DConvz,»( X),

DConv,; = Convs. s(dilation =21 ),
Y aip, = DConvy( X )PDConvs( X )., (5
Horr, g5k Ao 2, 4, 6 b, BT K&z
B2 23X 2318 &, LT R 5 9200 19 . RGTTE
S~1SARZRIEE N H bR o 18 o BRER % 4kt S oS3
THR, DUA R 2 T 9045 R 7 5 Gk
ZJ5 K T 43 S R 4 B DR, R
B 26 3% 45 55 i AN FRPAE FELAR N
Z= G(I:Ymm’ Yskip:l >@X,
G(F)=o0(Conv,.,(F))®F, (6)
AP GG RS R oo Sigmoid pRK
O Mz it 1} 1B s EAE , I
5O IR2EVEYE , I ZE RS F 1 I H RS AR R
fIE 52 DHDC S35 (U RHIE . X RS iHA 2L
e TR IE M2 R YRR IEIR AL )R
S S 8 2ok X R S R AR ] (] AT
SV X AL RN R KAk, 5 SRR I DA 5 2 R
T WPE

O = AdaptiveAvgPool( Z )DMaxPool(Z), (7)

1.4 BEFEARER (LCC)

AR ) /NEA S5 4, AR Rl 2k
A <TRVREAR B 3096 CHP NUAA i 46 1 ik
A <C360 5K . IRSTD-1k<<300 5K . SIRSTAUG=<C
4205K) o AR E B A ISTD 78 52 BRI H v sy
Jor B AR TEREAS B B 37 5, o B TR R 2 ) #
LG G L BT B A% DGR 1

FEXT/NFEAS S 4006 5 JR 0 A 4 K 2N
K, A SCi ity LCC BB PE LR & T 1% 58
TS L2 2] 25491 R BE 2 S HESE , BTt
B 73 i WK A2 IF 4 H A 0 R A 1 RRE, ke
TSR A PRAHE T i SRAE S 1, DT 22 ik ik
PG TF)

i A FEAE R S AR 2E S )2 )2
BT sh B OB Jm 0 DX ) K B 25 5, AR RO
e s R R 1

I( X,y ) — Miocal

C(I,y):—al T (8)

Kb I, y) A AFFEEUR R 5 tioeca B Ooea 77
SR SR AR T 1IN S FIARIE 25 5 e AR/ INVE R,
R R

LCL 2% th & N iE L B RUZ (B
BR/N3X3, K1, A D#FATRERG R, #F—
AARBUCE AR A5 SO HIE A 5B — 20
ReLU 0% ki %k, 55 — )2 H Sigmoid 3% PR &
RE = WAL

K 5 B9 RRTE 5 0 A5 48 X0 0 2 90 kR
ik, B IR AR AT RLG, B 5 H bR X IR
W IT DR B AR B . B D R 2 i
S AREEAR N, e BRI

2 LI
2.1 FIREMFEIEIR

Bl e . AR ILEAE A TJT AT A NUAAM
SIRSTAUG ®' #1 IRSTD-1k" ' ¥t ¥ 5 k47, 4&F
XA B AR 70 %0 I IERHGAE I ZR4E , 10%
B EUGAE I IRIEEE , 2096 W EUEAE R 4L .

Al 48 A5 . fff FH 2 BK (Intersection over
Union, ToU) . IH—fb2Z Bk (normalized Intersection
over Union, nloU) fll F1 4344 (F1-Score ) {F Ry 5256
ITPPALFE R o



292 Hhodb K% 2 CARBRED 2026 4F55 3 1]
U — TP Net'” | IRPruneDet?" .| ABCNet'?! I i 2% ] J5
T+P—1TP’ W, SR D BRI R R B TR . XLk
nIoU:ii TP(i) , P SCTE R AL IPT®) . RIPT'™ | PSTNN'/
NTG)+PU)—TPG) TG I A T A e R |
Pl 2P (9)  IIALZLAMASKRBIN | kR HUR R A 2

2TP + FP+ FN

A NOWREAS GG TR P 35 o il (A
M IEAR R BN TP FPALFN 5350 o 5
PP AR B PEAS R  E

2.2 LWIMBS5SHEEE

It A5 #55 A 15 3 7 Py Torch HE 2244 8, I 78
NVIDIA A800 GPU _Eiff 7114k, ARSCRH Adam i
g%, HhHE ) RUEE R 510, A/ 4, I
#47 5001~ epoch B ZE, %5~ 3AEAS 2001~ epoch
AR 2R 5107, HaE— B FRKE 5X10 %,

N T TR AR RE Ty, i FHBEALIE S A5 4 |
TR A 8 | St B R RISOR A B A T A5 0

Sk 4 T AIE MDLNet A9 G I 1 fiE , 552 56 16 B
6 Fh AR R X i, SERIE AT : My
R AYERE , WA AL S AR TR 25 2 ) ik S BURIR
V25 2] 5 ik, R AR R e 4, o DCFR-

SRS B AL GE ISTD Uk 1R,
N IEAR SR ISTD 458 K R Y i PERERC I, ELAE Y
TFECEAE AT W B vE S5 2R, AT A 2008 IE MDL-
Net (I PEREDLH: o

2.3 EEHGR

W 1 s, MDLNet 78 3 M58 48 9
HIebr s T e PR RE . I B S AR Lok
B BG4 AR bR AL TR 2R ) O
2, JUHAE IRSTD-1k B4k 48 B, IPT [ ToU X
14.98% . F1{X 26.05%, #%.0 R R 7E TAL 48 07 ik
AT T BETTHRAE , ME DL X2 2 75 5 F [ e s
T 5 B AR5 A B ——1] 40 RIPT % F 5k
PRI T, TETY SR A A B B B E AR iR
FIR A HbR, SEFP IR ; PSTNN A 5K 5%
TR AT H bR R Uk, %R 7 <20, 03%
IR/N BFRIHERE A, SFEEN T & .

F 1 AEJELENUAA ., IRSTD-1k, SISRTAUG %4 1Y ToU, nloU, F1

Tab.1 IoU, nloU, F1 on NUAA, IRSTD-1k, SISRTAUG datasets for different methods

- NUAA IRSTD-1k SIRSTAUG
TR
IoU nloU F1 IoU nloU F1 IoU nloU F1
DCFRNet? 76.23 74.69 87.31 65.41 65.45 80.64 74.71 71.49 85.52
IRPruneDet!?! 75.12 74.30 85.09 64.54 62.71 78.77 73.84 69.83 84.95
P12 57.64 63.74 73.12 14.98 34.51 26.05 37.75 45.29 54.80
RIPT 28.38 35.91 44.21 11.33 17.43 20.35 24.13 33.98 38.88
PSTNN®! 51.52 61.92 68.00 15.93 32.71 27.48 19.14 27.16 32.13
ABCNet 78.77 77.57 87.92 68.14 68.35 81.03 74.86 70.58 85.62
MDLNet 80.89 78.58 88.98 71.00 69.60 83.51 74.98 71.70 86.38
WA VREE 7 2 ik B ik A M A A, O, PERE RN 0. 5 A 43R,

{EAPAEAEPERES . DCFRNet T4 B AU AR
TR, £ NUAA B4l 45 I F13k87.31%, [H4E
IRSTD-1k ##i 4 - F1F£ 2 80. 64%, JE P & HAY
TERL ALK R B2 REZE 5, RO B8
H Rt 2 F 2 407515 B 3 IRPruneDet 18 171 3 18 5 4%
TR, (ARG R S P HB A N ARE, &
HAE SIRSTAUG #di 4 | ToUAL 73. 840, ik T
MDLNet f4 74. 98 % ; ABCNet Ft SR P EAH 1 7

HRESRIL HARFFIE, (EXD MEAR SIS,
76 SIRSTAUG £ #lE SE 0y /NFEAR 45 L F1 T [%
2. 1A 4345, 1 MDLNet A LCC BB 4 Jey 5% He 2

M Z T, MDLNet 7£ 3 %5046 4E L #) ToU |
nloU, F1 ¥4 s /£ NUAA £l 4L [, ToU
15 80.89% . F13k 88.98%, ix 1525 T MCA #& bk
() 22 RS sl 25 filB ——38 1o sh 28 IAUCHL 7 5 sy
ERANTT 54 a3, P TR SRR g 2 2] ik
J A AE B S 4 SR RO 0 ) B AE
IRSTD-1k ¥ ¥ % |, IoU ik 71.00% . F1 ik
83.51%, .0 5 K & DHDC # He il X4 S0 1R &
Yook B AR, e o B AR R A R R
R sE AL H bR R AR, BEAL T R T
(4 I K 2% 5 78 SIRSTAUG #5044 I+, nloU ik



i 227 1D ErZ

ROBERN & 5 SRR G LA/ N B ARSI R B 3145 293

71.70% . F1ik 86.38%, R ¥ T LCC #5 He it 11
P A B AL G5 SR R L EAR, D2 A R X )1
REABCR S, 3T Tz AL PERE .

2.4 WMULER

S E LIS UE MDLNet 78 & 24375 F A6
fit, A CHENUAA 5 IRSTD-1k i £ 1) Hiu 5+
A, WA F AT AT AT b, 25 R 3 B
TNo R REARERE S A LA S B AR RAR L Y Y AL
A3 A, AT H W2 B MDLNet B 03, BARR
LIS =/

1) IE ARG BE 56 % . ARG IAE (35 (2D 5l
WA, VN ERRZ ORI — 2R R
o7 b8 KR 2 S R B HAR TR . IR 3 4
HAEART] UL, TPT, RIPT, PSTNNZE T 30 % F
AR 1~3 4b 75 A AHE , 11 MDLNet il i MCA
B 2 R S8R5, R e E Ax DXy 22
SRR, RFEARTCHE GHE, E R I 5 R0k
100% , & 00 T AT L ik

2) BRI - RAGHE G G HE) B 541
mER. BRERS=EMHER, FEUE5 Tk
AR TEE . B 3 B Ik, DCFRNet, IRPrune-
Det 15 7% I % LA i A7 78 3~5 Kb B8 A HE | 17
MDLNet #KFE LCC 3y Jm Xt L sl i £ H A
DX O BRI, AR B (0 HE P B AT 1~2
FLAE T e s 40 X, ARG T A T He A
Tiide

IPI PSTNN

DEFRNet = IRPruneDet ~ ABCNet MDLNet

AFIIRSTD-1k %
AL AR
Fig. 3 Partial image visualization results of different methods on
NUAA and IRSTD1k datasets

3) BAREIRE R . IEHRIAE (21 @HE) 5 H
FREC MG A B o R . 04NN B AR 2R 5 3 3L
K MAE 5 7 w22, Bl 3 BEAR AT L, ABCNet, 1PI
(R T AR A7 76 B 0 09 S i 4 7 o8t S i R —
11 ABCNet 7F IRSTD-1k = JZFEA | 21 €8 HE T
B Bhnrhot 2/3 KB, S T REFRRE R
AT ; 1 MDLNet 38 5 DHDC #5314 X 73 32 il
GHAGENA, e HARS PR R R
T 22/NT 2 M8, Al SE R 2E H bR R FL0 i
%, oy RS R AL TR O

hpi#— 5 Ak MDLNet B8 2 i M, A3
PL ABCNet fE R L AR, /£ NUAA 1 IRSTD-
Tk B AT T XTS5, 78 58 e A IR A 52 56
B2 N 1 35 7 [ o o | =/ - S
ROC M Z& X e & 4 Frs o B A 52 28 RoR
NUAA 54, M2 IRSTD-1K £ di 4 .

1.0
---IPI
-~ -PSTNN
(U]
DCFRNet /. ]
0.8} - - - ABCNet =ty SN N
---MDLNet /' fes s
07F—m
“T | —psTNN /
IRPruneDet /' / S
w 0.6 DCFRNet /' / e
3+ —ABCNet /',
= 0.5} —MDINet/ /
[>=x4 y A -
“DIIV
" 0.4
0.3
0.2
01V A/ ----=" 7" -

0 02 04 06 08 10 12 14
fEBREA<10-

Fl 4 ORIESEAE NUAA BHREM IRSTD- 1K BeagE 11 ROC Hhk
Fig.4 Receiver operating characteristic (ROC) curves of different
methods on NUAA dataset and IRSTD-1K dataset
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Tab. 2 Ablation experiments for each module

TR IoU/% nloU/ % F1/% 2K /100 HEHERS[E] /ms AT H/GB
ABCNet 68.14 68.35 81.03 4.2 18.7 0.9
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ABCNet+DHDC 67.74 68.53 81.11 4.8 21.3 1.1
ABCNet+LCC 66.74 68.42 80.79 4.3 19.5 0.95
ABCNet+MCA-+DHDC 70.78 69.33 83.01 5.1 23.6 1.3
ABCNet+MCA-+LCC 70.46 69.02 82.78 4.9 21.9 1.2
ABCNet+DHDCH1LCC 70.22 68.97 82.63 5.2 22.8 1.25
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Tab.3 Comparison of F'1 scores for each model under small-sample and full-sample conditions
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