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250358 (Page 3 of 15)


https://doi.org/10.12086/oee.2026.250358

TR, % G T2, 2026, 53(6): 250358

https://doi.org/10.12086/0ee.2026.250358

RAFZ= LA LL A EUSR T, s i/ B AR IR
FDCHE, BN HIH AL B AT Bedm il A gk s 0 B
NCREN O Ny e

R rEliX — R R, ASCRHE T A EE R R
RESRXTREE S B, ASSCRR I T —FREERL G CSP
(cross stage partial) 444" 528k 2 S ML AYERIE S H
#RH CMABIlock (CSP with namba-inspired linear attention
block), ZBRIYZOTET, TE CSP Iy —>43 3 h
BT b 5 AR IS 17 B 4 S (RoPE) i MILA 45
e, DI SEERT i A RRAE B i e B AR DI | A Bk
M 2RI, ARER TS IR 2L 5 T Ry
TR R RE T

anlsl 2 ) CMABlock Z5H IR, AT 73
JERAE T, X T ARRHERx e RO Hp H
W o B RN FHEE S A SE, ) i AFRE R Y 38
TR, Bl RS B s R R e e RPYC ) H
o C, Ry i R AR P A ARRIE B x B R
Ix1 B BUR ROy 2C, Horh C=Cyxe, e J1EH]
HhELEER Y RIF T, ec(0,1]; Bf)5 RIS RRE
I B AR 50 BN FE A 0 3 a R ZE 703 b

5% 2557 3 b IR B R RAE S0 AT, Bty S a FHTHE
AL FFAEYG SR . 4oy 3% A SR IR M BT S0 B
fih B R IE 5% 4 BT MILABIlock HEATHEIG 58, RRAE &]
AN 5 55k 250y SN IEE AE R B, AlA S RHIE
Eldd 1< BREGEIEG, HESRESmH—)2
SARLRAMEREROE )2, 1B R L R X

R 3Cf# FI A9 MILA (mamba-inspired linear attention)
BEHU A T Mk B AT B 345 Mamba™ 1
RO, SEEL T AT 55 T R SR S AR, AR
I M R I R R R AR, JF 455 RoPE ligkk
7 B A R REAE R A B 1 23 (a6 B A5 S, DL AGE IR
JE BRI AL SR BRI DGR, DT 5 | AR AL SR AR T 2L AR K]
G = SOR(EA B OCEER TS BARIX S, e
IR RS, A5 B A7 B3 5 i 1 = L] 2 42
b TR P ] Ry H AR 02N e

MILABIlock FYZEFI AR 3 Bz, Hi ARHIE IR B etk
FIRFIIE, BRI (C, H, W) 35 h (H x W,C),
PG RCG S P A, BlfS , FRIFZeLd 3x3 IR B HIY
SRRFCERE, IR S IR ARG
Phs bR e 8l

HxWxC,

|

C=G,/2

HxWx2C

a
l— Channel split

HxWxC

!

MILA block

!

Skip connection

| ()

HxWxC

SiLU(BN())

|

HxWxC,

/2 CMABlock £#H
Fig. 2 CMABIock structure diagram

Output Input
HxWxC HxWxC

MLP

Linear < Norm

J

Linear

»@»I»@»%

=
>
@
O
=

pa—

)

A 3 MILABIlock 4
Fig. 3 MILABIlock structure diagram

250358 (Page 4 of 15)


https://doi.org/10.12086/oee.2026.250358

TR, % G T2, 2026, 53(6): 250358

https://doi.org/10.12086/0ee.2026.250358

ZJEFRE ARG AL 5 R B B, H e &t
LayerNorm Fa 8 FHIE 70 A, PR3 aeh 26 M350 R B RRAIE 4
&, JRE N A LR (H, W,C), BRIl 3x3 A
5 SILU 3 R AR MR I G 4 . 460 5
1% A& LinearAttention #7374 R E, BHIGE L
LN JE A AT (Q) FIEE (K), {H (V) ELEAE ] A s
fibs RS @ M K W B3 23 [AI4EHEIf i RoPE Bef% iz
g, DIEAGEGR: N, VAaREERI®RR
BROCHE, MFE Sl o

JiE i 107 i (RoPE) 4E S S 8 (1) i B BT >
B A RBUE RS A B DGR R, RS
8 2 HOE XTI J5 FH i m Sk, TR S
BRIATIRAT ) A R E O R, ORI TR
[F] i 448 5 el A ) R

TERA W B, LinearAttention %2644 1 5 S HLHI i+
B, K S VRIS B4R LR SURE (KY),
st 0 5 KV IR LRE, IHFGIARELT QMK
PHETHRE M H— LT z RRE N2k, 2B ART
O(N) MR A2

BT SR 4R 5 I Z BN SILU A= i 11 5
TEZTCEATE, ZISFHEEL 3x3 WG — R
7 Ef5 B, )5 %3d LayerNorm #{E b5, H1 MLP 5%
AR AE Y R 54, JFaad i, mAHEMEN
JRIRFFAE EEAS (C H, W) i

CMABIock it CSP ZE44 55 48 BUE % (o7 & i ith (1) 2k
PEER AL R G, BESC TR s, SEFXTLLAM
HRIRAR 2% L AR SR A T RIE R, S e 22
122 ROBERRIE RS P AL 1 B i AR A o

2.3 DMSFHead
FEF AR /N HARERE 7, ARG BRI Sk A7

TEA R [ 5 ROBEIE BC 22 A IR, B0 RUCRHIERR 2% .
R, ARG T BAT Z R PR RS ALY
DMSFHead. F#l#t, FXFLLANNEHAR RS RUN . RHAE
FRAT BRI A, AR ARG TR P SRR TH I — > 5
PRIFIRR, 7w > BER AR IR M A O R R G R
LT RIS, EBURRRHEE Pl S 2k . X
WRE , I =R S ARG A L Rl I B 20 AR R
B A F W ARG A1 (5 BRI T RN 51

P, AT RS A AT TR XTERY R, FH %
ORGP B R =2, ot iERCLLsh Bbx
(1% DU FFAE 4 735 () DMSFHead . X — BT sh 25 AL
RIZRBERSFE T | T 7 R AR R A, B R IIRLESC
BT A TE ZAR AT BRSO I AR S R,
MITSEBRFLLA N N AR 2 ROERFE B 587 M T o

AN Sk 3 i B A AR LI T8 3 M A% = Sk
ERYEAME B, AR (5 e LB RE SRR, AR THR
Xf 22 ROBERFAE BRI, i A AR B 22 RORE RS AR IR F) 1
R, PR XL N B AR ARG L

ZLANIN FBRTEAN R 20 B AR AR P& 22 B 5t 4 RUE
BB, TR PR AE R E bR 2 32 s P = Bk
MEHEBE, TEARIr PEACRFAE & oh B AR 5 X0 B2 32 THHE
23 [ SE LR BE R B . St AR SCBRETE AT R pa A A
IFi] FRUBE REAIE ) DMSFHead, 3 PUANRFAE 18] 4351 4 x
X1y XAl Hix, e RN HFTW, 73 5 0 R Y
L, COMIEIERL, BT HEREHREN, ik
A% BB KR, DMSFHead i 11 1% 31 FASFF (feature
aggregation and selective feature fusion) 2 .U» 15 B 52 HiL 5
FRUBERFAE (4 [ 38 B IAUREAE BL& L™ el 4 Bs
A AR R 3 X IV 2 0 FASFF BB, 5 AR4&R I
JE R BIFFAE I 58 B A E N IR, BlE S BRI T
i 3 DR A A I 245

T _
)
|

Level 0 —<————————% FASFF(L,) —> Detection

Level 1 ~%’—’%;§ FASFF(L,) —> Detection
Szl

Level 2 +2Z—=s— =3y FASFF(L,) —> Detection
~‘><‘\’\1

l level 3 ~===" "33 £ASFF(L,) —> Detection

B 4 DMSFHead #M|id 42
Fig. 4 DMSFHead detection process diagram
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Fig. 6 loU sensitivity analysis diagram
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Yk, LUK CloU X JLAa] Ja P RS B 20 R LAARAIE RE ORS JE
NI AR ANER 7 ol o e R e S A =

AR SCHRE Y CloU 5 NWD R4 194t 2% R $58 1 4L
TR KA —F Tk, BRI .

loss = AX ooy + (1 — ) X lywp (10)

K 2€(0,1], A EHIREMHLHESE, lowh
CloU JLA[ [FE 2%, awo H NWD J A3 AH AL $512k ©

3 It
3.1 XWRE

SRS EAR ST HE I 26 1 A Rk A e v, SEE R
IRSTD-1k"", NUDT-SIRST" Fil NUAA-SIRST"" = 4>
ISTFLLANIN BAREHESE XS L HEF TN G 5008, 3k 2e 4L
i S N U L S N EA R VAN E E T b
ZW, IRSTD-1k 5 NUDT-SIRST %4 5 tp K H84> H bn
MEARFERTZEARGERZNE, BAE 5%,
1 pixel AN H AR, NUAA-SIRST WM S T34 5
JE 5 5 B AE 10~20 pixels Z A1 B AN HAREEAS, LA
W ft TR ALY 25 5k e m e . BRI S, IRSTD-
1k BAEEAL T 1000 (HESCLANEUS, s 12 2K
S35 ; NUDT-SIRST $dls £ 00 7 1327 W& &, Horh
£ 555 I H bR S L S RS S 4 KI5 s NUAA-
SIRST B A7 427 MEESLLLAMNENR , Anid: 1 480
INEFR . AERRBERITAL 25 R A 2 S EwE, BT
BRI 6:2:2 19 LLBIBENLR 2 I ZRSE . BuFdE S
M4

RS I 2 AR 4 7E NVIDIA GeForce RTX 3080
GPU F5¢pl, WAFK/NA 10 GB, {#if PyTorch 1.13 I%
JE2ESJRESE, ST CUDA 11.7 %F GPU #-47hmis . 34l
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TETR S B vh R IR I LE 24 250 4 epoch J5 B iFAE 461 2k
TR, PR A AR I 25 8 B3 %2k 300 4 epoch, [
BBt 14 . 6T GPU A7 25 5l g s M AL
flir, PR 8, IXFEREE T LATE R {4 S i/F i
WS TRAE/N HARAEAS TR B . 15 St 2RI 00 F k78
FRUEERBE BE B I~ . S8 C, &R 12.8, iX(H
2% 7 NWDM™ /N BARA I B i BRI, Ry il
LLAVINERRIREE, SETAEAR T L B B S s
IRSTD-1k B 4E, #EHIEE Fafih TR A Rk,
AR A

5P IRSTD Jrik A L, TR kR
B I S AR PERE PR A S ) Bk S R TR
222 (41T W SOTA Jrikib T Heg:, fudE MDvsFA!
AGPCNet™, ACM"™ | ISNet””, ALCNet"", DNANet"",
It HL A A AR A FH A 5] 7 S 53 e 1 5 S 2R T U1 2
IR R SHRIFTE A

3.2 iie¥F

R SN P 4% 1) 2 ITATY AR SCRE IR 3 3z A
PV AR R T T AT, AR EE . HESER FL, &
MEPRIYE LT

FEBE (Precision): i BRI hy IEFEAS 1y 45 SR rh
FLSCEAEARM L], SR P PERE T, AR
W SRIIRRIAE R 2405 50 T P Ttk Re g, HatoE
N W

Precision=TP/(TP+ FP), (11)

K. TP (true positive) &7~ 1E B £ I 2 /9 H Fr 20
FP (false positive) &/ ik A H AR BT 5ok M 45 .

A I (Recall): it 552 1EAF A g s oy e il
N R 7/ IS R K = RN SR = = I S T o =

DN SRRSO 5 1 LE E AR A AGBAR, HAa AR
Recall=TP/(TP+FN), (12)
K. FN (false negative) Fe7m A BRI H A4 FL5Z HAREL
F1 738 (F1-score): 5 54 MR Iy, H
TR O, AR B H AR S AT
Y TR ZE G YERE, Ha TR ARy
F1 =2 Precision- Recall/(Precision + Recall) . (13)

4 R

4.1 XFEESELE

LRI T ORI T VA E X AR, Horp,
I ECT AR T B e An i B (L, R R Sy vk
i, T ryHAb RS FRIR T M R, A SO Iy e
IRSTD-1k, NUDT-SIRST /% NUAA-SIRST = /% ¥ 4
R TEAG FE bR I AL T UK, A e T A

M T AT, R =R b, AT F1 404K
Y5 E T2 — 4 DNANet, X £ #1515 T DMSFHead
XF 22 ROEERFIE R = s8ORI ], AR08 T 5 4485 56T 1
BRI T 5/ N BRI R

ETIIEZ 3803 2=y s AR AN E R i Rl = WoR e
RorFULS, XRITEF MR R P HIE R, EHX)
IR RO U, RV M 2505 51 R i E s
HIXZETTERT AN BARR A AE Y H bR 585 A
e, DL Zradt BRAR e M R AR B ROGHE A 2
WAE HAR AT 55 i R AL, XFRL ARG . A [l
K F1 GBS ARXT AR

MEZ T, AT CMABIock 18 i XHHRAE I i)

(1 ALFHZxEHHAM SOTA 7R AEFRHEE Loy &4 R LK

Table 1 Quantitative comparison of results between the proposed method and other state-of-the-art (SOTA) methods on different datasets

IRSTD-1k NUDT-SIRST NUAA-SIRST
Method
Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score

MDvsFA 0.550 0.483 0.475 0.608 0.192 0.262 0.845 0.507 0.597
ACM 0.679 0.605 0.640 0.732 0.745 0.738 0.765 0.762 0.763
ALCNet 0.843 0.656 0.738 0.868 0.772 0.817 0.848 0.780 0.813
ISNet 0.718 0.741 0.729 0.742 0.834 0.785 0.820 0.847 0.834
AGPCNet 0.415 0.470 0.441 0.368 0.684 0.479 0.390 0.810 0.527
DNANet 0.768 0.721 0.744 0.914 0.889 0.901 0.847 0.836 0.841
Ours 0.902 0.794 0.845 0.947 0.944 0.945 0.941 0.843 0.889
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LR, HREETE TR AN BRI RE
454 DMSFHead DA & NWD JEH, AR A] 0 55 /042
AL AN N EARRRIE, IWINAELLSMIN H bR KA 55 v
P LR

4.2 ZHE

35 UE MFLNet B2 A0RE ), A SCHEAT— X —28 X
BRIz AL, BRI AR — A B R AR I 24
SERERII S, BRI ZR R R TE 5 — R S 51
FRABIRAE AR EE EEATRRAY , DA IARC O i X 4
BRI AT R . PR ISR S PR IR 5 3.
PREF—2, BRI T, PR IE PR AR . A E
. F1 0805 AP50, 454 2 s,

FARIM T, MFLNet 76 25BN R e
A IR PR REIR A . SIE T HI R A B T o —4
PEEE AR A, i~ B T B 5l R a s B
PRAE, HA T RIFMESEIREZ ILhE

WA R, LA IRSTD-1k JIZRIERE, iz
TEERER M2, X525 T IRSTD- 1k K4k # 5 ¥ 3
& HERR B4, 1 MFLNet FH /) CMABIlock f&
Pul s 2V B MU ARG T 2R ST,
s BRI 1 B ARRAEAS B A BRI R e e S &
Bk, MmZEBS Az 45 . ILAh, RRABURILT T
MR BEZARRE ST, Bl AR RT3 i 45K 1) NUAA-
SIRST # A7 %k, HATE H 5 T /iy IRSTD-1k 1
NUDT-SIRST | 3% , F1 43 %% 43 fiE 14 £ 78 0.697 il
0.770, XIIE T DMSFHead A58 it 523 19 22 KB 5h 48
AAHLEI A R, BRI AR ) HOME AR 2
PIRFIE R, THARPUAGCAC R RUBE , MRS 1 1) oA
AR B R AT

EARTHE M2, YA BRI A NUDT-
SIRST Y5 If1E % 2= 508 5% IRSTD-1k I, A1 RE
I WS, XA R T A R S SR 2 (A
FETEREA M2 5, R VPASZ AL i — > M AL Bk 5 3%

Hto UL, MFLNet 75 A5 24k A8 ) 25 3l 3
AR T AR RE ST, dh—2E W T = Ay
FE TR AL I LA A S . X — R BIHEHE IR
T, R R B S e Bt TR, R
M PERE . Rz ARAE L0 AN B RS T AR B A 5 )
AR

ZE L RTIR, 8 BHRAEZ LS5 N 7 5 5 85 RS
PS4 BEIER , MFLNet S0 L& 1 1 RR AR B2 IS = 3%
2 REERG BT, BBAE2: 2] BINZ AR I RRIE R o
XARi A MFLNet AU — DRl gy, Be—1
FLA R IE N BE ST I RFE S ST RESR, N RIRAE SR e
AT AN b R N R T OGS AR

4.3 HEASCIE

B EA SCOT R A s, AR 9% MFLNet (1
CMABIock ## 5t | DMSFHead #& 5t )l }z CloU-NWD i
AR RBGEAT T A SC 8 . HopXt CMABIock Bk
Fl DMSFHead #5239 i fil 52 394%6 H IRSTD-1k . NUDT-
SIRST Fl NUAA-SIRST =M 4dla 5, FirA L 46 45
FH A A X0 20 4 ) B0 B A S 80 & XF CIoU-NWD TR
AR BB T Bl S B8 R ) IRSTD-1k $idE 45, RoME
SN RSN SN ME R € WA 4 L AT =K i 8

HEAE CMABlock B IA R, B T A& L
PR 0 S BTH R SE S, BB BRIZIE B R o TR Ho
B AR IH 1, HARME SRR . S0
GERNFE 3 PR, AT RBRIER I A5, A
HEMKEES AR R, RN, 2R EN
CMABIock AE 5K 2R A2 T2 S EG P s B AR X
B, G HRRBIRIXT LIS N BARRIERAIRE DT, B ki
KL

e 4 s, ARSI ) DMSFHead B bR
HERGIN S, HAGR A AL, BERISHEAT PR, M
KRS A ] 324 ) 2 REAIR, 32K DMSFHead X T4
TP 8 1] FH 38028 e T A A Sk, LSl T X AN ] 2 IR

Table 2 Results of cross-dataset generalization experiments

%2 RNIAHFEZHNERER

Training dataset Testing dataset Precision Recall F1-Score AP50
IRSTD-1k NUDT-SIRST 0.911 0.702 0.793 0.826
IRSTD-1k NUAA-SIRST 0.871 0.858 0.864 0.889

NUDT-SIRST IRSTD-1k 0.636 0.614 0.625 0.605
NUDT-SIRST NUAA-SIRST 0.837 0.817 0.827 0.836
NUAA-SIRST IRSTD-1k 0.751 0.650 0.697 0.695
NUAA-SIRST NUDT-SIRST 0.860 0.697 0.770 0.783
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Table 3 Quantitative result comparison of the ablation experiment between the proposed method and the CMABlock module without attention

With attention

Without attention

Dataset
Precision Recall F1-Score AP50 Precision Recall F1-Score AP50
IRSTD-1k 0.902 0.794 0.845 0.849 0.856 0.806 0.830 0.842
NUDT-SIRST 0.947 0.944 0.945 0.967 0.927 0.941 0.934 0.965
NUAA-SIRST 0.941 0.843 0.889 0.941 0.895 0.830 0.861 0.912

k4 AT EEHAIKRIEHRAGH R R EE R LR

Table 4 Quantitative result comparison of the ablation experiment between the proposed method and the model with the proposed head replaced

DMSFHead DetectHead
Dataset
Precision Recall F1-Score AP50 Precision Recall F1-Score AP50
IRSTD-1k 0.902 0.794 0.845 0.849 0.835 0.711 0.768 0.806
NUDT-SIRST 0.947 0.944 0.945 0.967 0.966 0.891 0.927 0.953
NUAA-SIRST 0.941 0.843 0.889 0.941 0.823 0.832 0.827 0.873
FRERARCE S, I TORFIREERER DTRk, (08 7Y (% 11 55 40 € ¥#E NVIDIA GeForce RTX 3080 GPU,

f
T BEAS TG4 A A I SRR BN B DA S A3 ] 538 1) K
T, AR R 30 s B T LA Z s AN

JRAETE NUDT-SIRST I B #sk FR A AU A T 5 i
MRS B, (R A BIR K TR, S3FL 8 T
ARSI, XAEH] DMSFHead 18 35 22 REHAE A9 3 A5l
B, TERE A Il 2 ()OS T B 4 1) A

WIRTHTA, CloU-NWD $i2% sR U 2400 2 9 HUE
SEMYIZAE B, AR SCl b B 1 s AR 2 Y ERE T
XF HESEEy, g 5 s, NWD i # 0 IF FUREAS (1 4
TEFIBIH S, R T PSR B RRAE T XA, 4
S RIVERERR T, LI R B, fE AN 0.1 B, BRI
GRS S A R R AR R A

A5 RR AL RGO

Table 5 Effects of different A values on experimental quantitative results

CUDA 11.7, PyTorch 1.13 P85 F 3k, SR L & K/
91y 512x512 FbLakEERI A, DAHERREME 1O fyszm,
afpe AR R A O R T AR B ST R RE S A SR
326 N, AR SO IRAE TR RS U A AU - B
BT BERR

26 RR 7 ke ki

Table 6 Computational efficiency comparison of different methods

Method Params/M GFLOPs FPS
MDvsFA 3.14 164.45 15.75
ACM 4.62 83.40 26.79
ALCNet 5.92 157.90 12.65
ISNet 8.78 122.52 17.78
AGPCNet 12.36 172.73 8.22
DNANet 4.70 89.26 14.58
Ours 4.12 13.80 47.40

A Precision Recall F1-Score
0.0 0.874 0.799 0.835
0.1 0.902 0.794 0.845
0.2 0.891 0.781 0.832
0.3 0.893 0.749 0.815
0.4 0.825 0.759 0.791
0.5 0.887 0.78 0.830
0.6 0.878 0.775 0.823
0.7 0.866 0.797 0.830

4.4 HENERS

b e B PP MFLNet (31H880%, AR LESG— i
WA, 8RS8 (Params) . 7% 208 B
(GFLOPs) SHfEFIEE B (FPS) =Wifatr, FH 5 YFTLrsh
/N B AR K 45 35k 1) 0 SOTA Ji ekt tb . prffs

MFLNet [ 77 &5 32 FECE BT A 4 vk hAik, Al
A S BT e e AR B o LA e TR TR A A D
SOMARAS LRk T 43 BUE S iR T A N TUAR T4
T B IE R B, CMABlock B £k 1 & HLH S
DMSFHead 1) 4% i AL FR1E il & 45 i — 25 R 48 TR
i, MM MFLNet B8 DL AL S 800 Se i s s i
A

o ) X HE %, MFLNet 76 71808 {0 ACM Y
Ly z—, [FIBHEEE BE R 400 s 5 S 80T
() ALCNet A, MFLNet LI HA+—4r 22—,
SCER Ty 3.7 AE MR I . BEAk, AHE T AGPCNet
S A R . MFLNet (33 U 2+ =%
Z—, [FEPHRE SRR T F B 43 BV IR

250358 (Page 10 of 15)


https://doi.org/10.12086/oee.2026.250358

SR, 45 S T, 2026, 53(6): 250358

https://doi.org/10.12086/0ee.2026.250358

TARSCR AR R HAZ R, FEARAR |- 235 [
M TALGE o BT IEAR LIS FARSI A A7 A 1 BRI
iR

AR, MFLNet AU i 22 RBERFIE -~ i Ak
THRENRGE , AR AR B T RE T, M

/N AR AR G 5 iR B S it 7l gy

4.5 AL ER
K 7 s T ANE 7 7 IRSTD-1k. NUDT-SIRST
b6 S O % I [ P SO = N ST B 1 vl I = B 7T N 4

L

Input ALCNet

DNANet ACM Ours GT

B 7 TPl 7 ik IRSTD-1k. NUDT-SIRST #0454 L3k 3494k TALLLE £. (a) i AB; (b) ALCNet; (c) DNANet;
(d) ACM; (e) MFLNet (A7 ik); (f) Aiflitfiz. BARMLE . BEifo et HAERT, »ARTEHLN I EIF, Kb 2
) B AR Ao SR AR ) 2] 69 B AR
Fig. 7 Partial visualization results of different methods on the IRSTD-1k and NUDT-SIRST datasets. (a) Input image; (b) ALCNet; (c) DNANet; (d) ACM;

(e) MFLNet (Ours); (f) Ground truth. Targets are represented by green, blue, and red boxes, which respectively indicate correctly detected targets,

undetected targets, and incorrectly detected targets
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Abstract

Objective Infrared small target detection (IRSTD) serves as a foundational enabling technology in computer vision, with extensive and
critical deployment across military and civilian domains including infrared early warning, precision guidance, maritime search and rescue,
and intelligent traffic monitoring. The task presents inherent and unresolved challenges stemming from the unique physical properties of
infrared small targets, which typically manifest as spot-like structures spanning only several to dozens of pixels, yielding extremely sparse
texture and structural information. Compounding these difficulties, infrared imagery is frequently degraded by intense background clutter,
low contrast, and low signal-to-clutter ratio (SCR), all of which obscure the faint signals of dim targets. Existing mainstream methods
exhibit notable limitations in addressing these interconnected challenges: segmentation-based deep learning frameworks, while proficient in
fine-grained local detail capture, incur prohibitive computational overhead and limited real-time performance; detection-based
architectures, despite superior inference efficiency, demonstrate insufficient sensitivity to dim targets, suffer from target feature suppression
under clutter interference, underutilize multi-scale feature information, and remain highly sensitive to minor localization deviations during
training due to inherent constraints of standard intersection over union (IoU)-based loss functions. To mitigate these critical bottlenecks,
this paper proposes a novel multi-scale feature learning network, hereafter referred to as MFLNet, for high-precision and efficient IRSTD.

Methods To address the aforementioned challenges, MFLNet is built on a synergistic architecture with three core technical innovations.
First, to enhance weak target feature perception in low-SCR scenarios, we develop a CSP with mamba-inspired linear attention block,
termed CMABIock, for feature extraction. This module integrates cross stage partial architecture with a tailored linear attention mechanism,
and incorporates rotary position encodings within a mamba-inspired linear attention submodule to realize position-aware hierarchical
modeling of potential target regions. This design directs the model to focus on faint, location-critical target cues in intense background
noise, improving feature discriminability while preserving a lightweight computational profile. Second, to resolve insufficient multi-scale
feature utilization, we design a dynamic multi-scale feature fusion head, termed DMSFHead, as the detection decoder. Unlike conventional
detection heads with fixed fusion weights, DMSFHead adopts a dynamic weighted fusion strategy, extending standard three-layer feature
fusion to a four-layer feature pyramid optimized for IRSTD to retain critical high-resolution details before they are degraded in deep
network layers. Its core feature aggregation and selective feature fusion modules adaptively balance contributions from multi-scale features,
preserving spatial details from high-resolution layers while integrating semantic information from low-resolution layers, thus enhancing
feature utilization and target-clutter discrimination. Third, to alleviate the extreme sensitivity of standard IoU metrics to minor positional
shifts in tiny targets, we introduce normalized Gaussian Wasserstein distance (NWD), which models bounding boxes as two-dimensional
Gaussian distributions to generate a smoother, scale-robust similarity metric. To balance this with precise geometric regression constraints,
we construct a hybrid CloU-NWD loss function, which combines the training stability of NWD for tiny targets with the accurate bounding
box regression capability of complete IoU (CloU), mitigating issues of sparse positive samples and unstable model training.

Results and Discussions Extensive validation experiments are conducted on three widely used challenging public IRSTD datasets:
IRSTD-1k, NUDT-SIRST, and NUAA-SIRST, with MFLNet benchmarked against six state-of-the-art (SOTA) methods including
MDvsFA, ACM, ALCNet, ISNet, AGPCNet, and DNANet. Quantitative results show that MFLNet consistently outperforms all competing
methods across all benchmarks. Specifically, MFLNet achieves an F1-score of 0.845 on IRSTD-1k, outperforming the second-best method
by 10.1% relative; an Fl-score of 0.945 on NUDT-SIRST, corresponding to a 4.4% relative improvement; and an F1-score of 0.889 on
NUAA-SIRST, exceeding the runner-up by 4.8% relative. Ablation studies systematically validate the effectiveness of each proposed
component: replacing the attention branch of CMABIlock with standard convolutions incurs consistent performance degradation across all
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metrics, while substituting DMSFHead with a conventional detection head leads to significant drops in both precision and recall, verifying
the critical contribution of dynamic multi-scale fusion. Experiments on the hybrid loss function confirm that a balanced weighting factor of
4=0.1 achieves optimal performance by reconciling training stability and localization accuracy. Cross-dataset generalization experiments
further demonstrate MFLNet’s robustness to domain shifts, with stable performance across all six transfer tasks, indicating its ability to
learn generalizable target representations rather than dataset-specific biases. Computational efficiency analysis shows that MFLNet
maintains an exceptionally lightweight profile, with 4.12 M parameters, 13.80 GFLOPs of computational complexity, and 47.40 f/s
inference speed, outperforming all compared methods in efficiency. This performance stems from its detection-based paradigm and
lightweight module design, making it well-suited for deployment on resource-constrained edge platforms.

Conclusions This paper proposes MFLNet, a novel high-performance multi-scale feature learning network for IRSTD. Through the
synergistic design of three core components—CMABIock for enhanced weak target feature perception, DMSFHead for efficient multi-
scale feature utilization, and the CIoU-NWD hybrid loss for stable model training—MFLNet systematically addresses the core technical
challenges of IRSTD. Extensive experimental results confirm that MFLNet not only establishes new SOTA detection accuracy across
multiple mainstream benchmarks but also exhibits superior computational efficiency. This work provides a robust and practical framework
for real-world high-performance infrared detection systems, with important application value for military surveillance, autonomous
navigation, and related fields. Future work will focus on optimizing sequence modeling mechanisms and exploring multi-frame
spatiotemporal fusion to further improve detection performance in extremely low-SCR scenarios.

Keywords: infrared small target; object detection; linear attention; multi-scale feature; two-dimensional gaussian distribution
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