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remote sensing, and unmanned aerial vehicle (UAV) operations. Accurate detection of such targets is essential for threat
assessment, object tracking, and decision-making in complex operational scenarios. In real-world environments, infrared
targets are often extremely small in size, have low contrast against complex backgrounds, and are easily affected by noise.
These characteristics make the extraction of discriminative features that can effectively separate targets from surrounding
clutter challenging. Moreover, differences in semantic content across feature layers impede the effective fusion of shallow
detailed features with deep semantic features, further limiting the accuracy and robustness of detection. Designing effi-
cient, accurate, and robust methods for infrared small-target detection under complex backgrounds remains a critical
research problem in the field of computer vision and defense-related applications. Method To address these challenges, we
propose a novel multibranch perception and cross-layer semantic fusion network (MPCF-Net) for infrared small-target
detection. The network is built on an encoder-decoder architecture designed to capture both local and global contextual
information while mitigating the computational cost. In the encoder, we introduce a multibranch perception fusion attention
module (MPFM) that simultaneously processes local, global, and serial convolutional branches to extract multiscale fea-
tures. The MPFM module is combined with local-global guided attention (LGGA), which integrates local spatial features
and global semantic information to enhance the target response, and global channel spatial attention (GCSA ), which mod-
els channel dependencies and spatial relationships to improve feature representation quality. A spatial-channel cross trans-
former block (SCTB) replaces conventional skip connections to effectively bridge semantic gaps between shallow and deep
layers. SCTB models cross-layer context dependencies, allowing the network to capture hierarchical feature correlations
while alleviating semantic differences between layers. This module ensures that shallow detailed and deep semantic fea-
tures are adequately fused, improving the overall discriminative power of the network. In the decoder, depthwise separable
convolution is employed to reduce computational complexity without sacrificing representational capability. Moreover, a
light gradient gate (LGG) guided by Sobel gradients is introduced at the output stage to enhance small-target edge details
and reinforce feature localization precision. By combining attention mechanisms with multibranch and cross-layer strate-
gies, MPCF-Net can robustly detect infrared small targets in challenging and cluttered backgrounds. Result The effective-
ness of MPCF-Net is evaluated on three public infrared small-target datasets, namely, SIRST, IRSTD, and NUDT-SIRST,
which contain diverse scenes with varying target sizes, shapes, and noise levels. Quantitative results demonstrate that
MPCF-Net achieves intersection over union (IoU) scores of 80. 12%, 66.28%, and 84.26% and normalized intersection
over union (nloU) scores of 78.23%, 64.58%, and 86.48% on SIRST, IRSTD, and NUDT-SIRST datasets, respec-
tively. In terms of detection performance, MPCF-Net attains a high probability of detection of 99. 88%, 94.23%, and
98.21% while maintaining extremely low false alarm rates of 1. 12 X 10, 4.39 x 10, and 14.57 x 10°° on SIRST,
IRSTD, and NUDT-SIRST datasets, respectively. We also analyze the effectiveness of individual components. Ablation
studies reveal that the MPFM module substantially enhances multiscale feature extraction, LGGA improves the network s
sensitivity to target regions, and GCSA strengthens feature representation by emphasizing spatial-channel relationships.
The SCTB module demonstrates clear advantages in reducing semantic conflicts between layers, leading to coherent and
accurate feature fusion. LGG ensures that edge details are preserved and small targets are precisely localized , which is cru-
cial for applications where missed detection could result in operational failure. Conclusion MPCF-Net effectively combines
multibranch perception, attention mechanisms, and cross-layer semantic fusion to enhance discriminative feature extrac-
tion and hierarchical context modeling for infrared small targets. The network demonstrates high accuracy, robustness, and
low false alarm rates in complex scenes. lts design provides a practical solution for real-world surveillance, military moni-
toring, and UAV-based remote sensing applications. Future work may explore adaptive integration with other sensor
modalities and real-time deployment strategies to further enhance operational effectiveness.

Key words: infrared small target detection; multi-branch perception; cross-layer semantic fusion; attention mechanismj;
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Xo.1. Xy s = Chunk(Conv, . (LN(X,))) (12)

X, = Convy,\[v(Dy (X, ) )v(Dess(Xs ) | (13)
X, = Convy, (GAP(X,))OX, + X,  (14)
o, Conw 27 138 2 FH , v R 78 ReLU 4G PR,



$31% /5 8H] /2026 £ 8 A

KER, NE, EFHE, FEK
ENXBAMEERENBERILINNBIREN

DRRIREAR T, Chunk F7R 1T 45 18 18 2k SR RAAE 1]
R AP AR S R 3, GAP KR 42 Jmy V- YAk
1.4 BEBEITERR

A SCAE A A b R FH IR BE A 43 B 4 R L) i 2
IS RAS BB Z 3B A B, HIl 5 1 4015 RAE 42
IRBETT o UG, TEARAS 28 R dm 5] A LGG AL , i i
Sobel 1 B i AR BIH AL, JF 45 G2 M 1 5%
R TE AL, AR T HARARY, [8)i A 35 19
AT

g 6 Fros , B e X i ARHIE X e RO HEAT
e S0 LA e s L AR IR AR 6. BESS L A
JH Sobel 554 HUR B2 1 1i, VG, 42 U 86 FE R ik 22
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G = Gaussian (Mean (X)) (15)

v = [(6%5.) +(675) (16)

A, = o(Conv,,(VG)), X' = XO(1 + aM,) (17)

A, =o(Conv,, (X)), Y=X0O4,  (18)

K, S, S, 3R Sobel BT H R, 0 I sigmoid I
15 BRI, o IR ) R (BRIN 0. 5)

LIVN Bl sobel 5 ol e o $ _ddh
—— Gaussia — sngmmd'—»@fa@!,—»g X —>
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Fig. 6 Lightweight gradient gating module
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A SCHE SIRST (single-frame infrared small target)
(Dai 5§ , 2021a) . IRSTD (infrared small target detec-

tion) (Yu %#,2021) Fl NUDT-SIRST (National Univer-
sity of Defense Technology—single-frame infrared
small target) (Li 55 , 2023) 7~ FF 804 42 47 50 50 .
SIRST Hiiit SE M40 5 427 WG LA AN 57 R B
FL P S 950 nm B VFZ AR TEE 2015 5
R BB ELAS 5 73 9% TIRSTD £ #4542 5% 1 000 i
KI5, BAREA AR ARFRGE IR = 5 A 44
Pt 5, 2k A i B 1% % 5 s NUDT-SIRST %4
B 1 327 IR BA PR 205 HARIEE i
THZ B BARZESIRRAT, T HA 5 4405 SORAS
Wabnid . X EEHHRER SR Al w7 H
PRSI A SERE o Seg RO AR 4R 8 2 W L
B3 53 U 2R A A
2. 1.2 iFfl4EdR

HRHE AAE ST, R IR 32 90 3 (32T L (inter-
section over union, IoU) FlJH—4L 32 If: Lt (normalized
intersection over union, nloU) H 5 2% & 1 (4G I HE %
(probability of detection, Pd) I i % % (false alarm,
Fa) PEAL A SCHY 5 i o BRI, ToU Al nloU (Dai
45,2021a) IU5E XN
| >p
lolU = —- i=0

L (19)
Z(fpl +fni - tPi)

1 < Ip;
nloU = —+ > —— +—— (20)
n Zﬁfpz + fn, = tp,

A, n FIRFEAEEL, ip fp RN 53 1) 26 7% L PR |
s BH P AR B AR R BB H o ap, ofp, R, TR 0 3R
INER TR

1fii H AR 35 & Pd Fl Fa 1] i LN

n NL
Pd=" —== (21)
n = Ny
Fa=L.5 L (22)
n = P,

N, N 2878 TE BRI 1 P10 X6 G2 110 5 i o)
GBI, Py, P 287 B AN 2] (4 % 52 045 25 A
RXTREMER . HHEs R o 5 BESE L p iR
B/NT AR A R E A
2.2 EHAT

SEYTE— B4 NVIDIA RTX A5000 GPU f4 Iz
%t b, 35 F PyTorch HEZRSZHR . 4 —H AR,
W T UG R % 512 x 51248 % . %% 1 Adam
Ak ss 2% 2 F&3% 0. 000 5, iR/ Ky 4, stk
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3001 epoch.
2.3 HERE
2.3. 1 VEAGHEAR A

A SCAE SIRST  IRSTD il NUDT-SIRST $ i 4& |-
FEJEXS LS, AVEAN BT 48 05 ik 5 3G Se ik )ik iy
PEREZE ST MBS AR 1 s . SEHR g SRR IR
JE 2% ) 97 15 (Dai 28, 2021a; Liu 25, 2021 ; Wu %5 |
2023a; Wang 55,2023 ; Xu 55, 2024) B AR TG B

7% (Gao % , 2013 Dai #1 Wu, 2017 ; Zhang £ Peng,
2019) , A Sy 78 3 88 4R 1 X e g i T fin 2
W RE R I . b, 7E SIRST . IRSTD 1 NUDT-
SIRST %454 I 1 ToU 43 51135 31 80. 12% .66. 28% Fil
84. 26%, nloU 435Il 1 78. 23% . 64. 58% 1l 86. 48%;
[] i A A U HE 22 (Pd) 5 10 43 51 3k #1) 99. 88% .
94. 23% F198. 21%, - ORAFHARAY 2 (Fa) 1. 12 x
10°.4.39 x 10°F1 14. 57 x 107,

F1 MHEIHEER TAR A ZR KRR ERITLL

Table 1 Comparison of experimental results of different methods under the same evaluation metrics

SIRST IRSTD NUDT-SIRST
Jrik BRYER AR GRYERE HBRRER  GRYZE HORgER

10U/% nloU/% Pd/% Fa/10° [oU/% nloU/% Pd/% Fa/10° [oU/% nloU/% Pd/% Fa/10™
RIPT(Dai 1l Wu,2017) 2549 33.01 8532 2475 8.15 16.12 6835 2636 9.28 11.07 43.29 166.30
PSTNN(Zhang Fl Peng,2019) 39.44 4772 83.49 41.07 1644 2591 6532 7692 14.85 2357 66.13 44.17
IPI(Gao4§,2013) 40.48 50.95 91.74 148.37 1440 3129 86.35 45036 17.76 1542 7449 41.23
U-Net(Ronneberger 45,2015) 70.24  69.77 90.52 44.83 57.23 60.21 8434 2223 61.37 59.56 9134 47.21
SwinT(Liu %5 ,2021) 70.53 69.89 92.19 3342 59.89 5878 86.59 17.74 59.34 60.82 9422 33.24
ACM(Dai %%,2021a) 72.45 72.15 93.52 1239 63.38 60.80 91.58 15.31 63.12 64.40 93.12 55.22
AGPCNet(Zhang %5,2021) 73.69 72.60 98.17 1699 62.26 60.58 92.83 13.12 80.23 80.77 9520 19.33
ALCNet(Dai %,2021h) 7430 73.10 97.35 11.33 62.00 59.60 91.82 14.53 64.74 67.20 94.18 34.61
Res-Vit(Liu%,2023) 72.82 7122 98.15 27.15 61.89 60.64 9091 12.64 68.65 6628 89.96 66.33
UIUNet(Wu %§,2023a) 74.54 73.18 98.17 1832 64.75 6232 92.61 18.18 82.61 83.89 97.89 11.47
MTU-Net(Wu%,2023b) 7932 77.13 9339 11.36 61.12 63.13 90.86 14.07 80.18 81.24 96.57 23.12
HCFNet(Xu%§,2024) 80.09 7831 98.26 15.17 64.69 62.84 91.71 13.28 78.69 77.61 88.12 17.28
MMLNet(Li%,2025) 79.17 76.16 96.33 12.18 66.37 65.24 93.08 13.37 86.19 86.02 97.11 15.34
AL 80.12 7823 99.88 1.12 66.28 64.58 94.23 439 8426 86.48 98.21 14.57

T R R e LA R

— SR SE AN 2 BN, T LAE L 1R
/NI HE IS B0 A R TR T AR SO AR
BB DR R L i) F B B[R] s 7 22 T ARG I 46 b I
B T A RE R P
2.3.2 AlAREE R

1E SIRST FI NUDT-SIRST 4 4 1 a] ¥4k 45

mE 7 Fiw . Hd A B A BORIE /N B R, &6
] B A i e 7 . T LA M AR SO IR AR AN ) 3 55
R TS, 5 1 AT Ry ML 3 5, SwinT,
ALCNet F1HCFNet %f/IN HFR AW L4855 , A ReA S0
PEATTRFE , 1 MMLNet (1) H AR5 B0 A 80T BH 520

R2 AREFENHTEFHSSHEL
Table 2 Comparison of computational complexity and

model parameters

FE BMEM RS CMac ﬂ/ffﬁ)’g
AGPCNet 12.43 172.84 23.89
SwinT 26.14 27.71 14.76
UIUNet 50.54 33.64 11.21
HCFNet 15.29 93.16 54.26
AR 21.19 67.37 47.89

T L PSR R S B R A2 2R
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Fig. 7 Comparison of visualizations using different methods
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L U-Net Sk JE Al 0 45 , 27 26 6 L AR A0 25 2 ok pR TR
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Bilt 1 328 20 A B8 4 AR SO R A 25 AR, LATEA
AN T[] B o B 7 g 1) HL AR BTk . An 3R 3 s
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DA R . RS N BRI T A

NAEHE , AR bR RN T BasNet (411 [&] 8) B4k
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55 UE MPFM S AE SR T /N B AR F 3 A AE S X
7 T A S0P, AR SR D9 26 HR ) MPFM 4SS B 5 46
SR U-Net 928 G i Hedb 47X HE 325

SR A5 SNk 3 TR, BT AE SIRST 040 4 11
ToU F nloU 43 51 4 75. 96% F1 75. 13% , 46 il A% J£ H
M—E R TR, X A% 38 U-Net 4 i B Be X
WA IR BB, = 22 RO IR I S B 4 )
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Fig. 8 BasNet network architecture
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Table 3 Effect of different modules on detection

performance

1%

BasNet ~ MPFM  SCTB  LGG  IoU  nloU
N - - - 7234 7287

N N - - 7633 74.72

N N - N 7769 7597

N - N - 7512 74.84

N - N N 7596 75.13

N N - 78.92  77.87

N N N 80.12  78.23
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Fig. 9  Visualization of different module replacements
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Table 6 Impact of different connection methods on

detection performance

1%
AT IoU nloU
U-Net Bk BR % 2 77.69 75.97
MVTM 78.49 7491
SCTB(A3C) 80.12 78.23
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Fig. 10 Visual comparison for different patch sizes
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Table 7 Effect of stacking attention mechanisms in

different modules on detection performance

1%

e Wik ann loU  nloU
MPFM 1555 GCSA Bk, HoA AR5 78.73 7172
SCTB Rkl iE —as e, it A4 78.21 77.03

MPFM 5 SCTB ih £l —as i & ) 77.29  76.91
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Table 8 The impact of different decoder designs on detection performance

(AT S an 10U/% nloU/% SHEE/M T 4 /GMac
P 0 45 TR 78.69 76.97 23.25 92.35
PRUCTR BE 1T 43 B A5 78.92 77.87 21.19 67.09
PRI BE AT 43 B AR + 2R LGG (AR 30) 80.12 78.23 21.19 67.37
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