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Abstract: Objective Infrared small target detection plays a critical role in military surveillance, security monitoring,
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 it challenging to extract discriminative features that can effectively separate targets from sur-
rounding clutter. Moreover, differences in semantic content across feature layers impede effective fusion of shallow detailed
features with deep semantic features, further limiting the accuracy and robustness of detection. Designing efficient, accu-
rate, 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
multi-branch perception and cross-layer semantic fusion network (MPCF-Net) for infrared small target detection. The net-
work is built on an encoder—decoder architecture designed to capture both local and global contextual information while miti-
gating computational cost. In the encoder, we introduce a multi-branch perception fusion attention module (MPFM) that
simultaneously processes local, global, and serial convolutional branches to extract multi-scale features. The MPFM mod-
ule is combined with local-global guided attention (LGGA) , which integrates local spatial features and global semantic
information to enhance target response, and global channel spatial attention (GCSA ), which models channel dependencies
and spatial relationships to improve feature representation quality. To effectively bridge semantic gaps between shallow and
deep layers, a spatial-channel cross transformer block (SCTB) replaces conventional skip connections. The SCTB models
cross-layer context dependencies, allowing the network to capture hierarchical feature correlations while alleviating seman-
tic differences between layers. This module ensures that shallow detailed features and deep semantic features are
adequately fused, improving the overall discriminative power of the network. In the decoder, depthwise separable convolu-
tion is employed to reduce computational complexity without sacrificing representational capability. Additionally, 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 multi-branch and cross-layer strategies,
MPCF-Net is capable of robustly detecting infrared small targets in challenging and cluttered backgrounds. Result The
effectiveness of MPCF-Net is evaluated on two public infrared small target datasets, 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%, respectively, across the three datasets. In terms of detec-
tion performance, MPCF-Net attains a high probability of detection (Pd) of 99. 88%, 94.23%, and 98. 21%, while main-
taining extremely low false alarm (Fa) rates of 1. 12x10°, 4. 39x10°, and 14. 57x10°, respectively. In addition to quanti-
tative performance, we analyze the effectiveness of individual components. Ablation studies reveal that the MPFM module
significantly enhances multi-scale 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 more coherent and accurate feature fusion. LGG
ensures that edge details are preserved and small targets are precisely localized, which is crucial for applications where
missed detection could result in operational failure. Conclusion MPCF-Net effectively combines multi-branch perception,
attention mechanisms, and cross-layer semantic fusion to enhance discriminative feature extraction and hierarchical context
modeling for infrared small targets. The network demonstrates high accuracy, robustness, and low false alarm rates in com-
plex scenes. lts design provides a practical solution for real-world surveillance, military monitoring, 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.
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Fig. 1 The network architecture of MPCF-Net
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Fig. 6  Lightweight Gradient Gating Module
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Table 1 Comparison of experimental results of different methods under the same evalnation metrics

SIRST IRSTD NUDT-SIRST
ik BREEER BREERE GRAER BRgERE  GBEIER BRgEE
IoU  nloU Pd Fa IoU  nloU Pd Fa IoU  nloU Pd Fa

RIPT(Dai %%,2017) 2549 33.01 8532 2475 8.15 16.12 68.35 26.36 9.28 11.07 43.29 166.30
PSTNN(Zhang %,2019) 39.44 4772 8349 41.07 1644 2591 6532 76.92 14.85 23.57 66.13 44.17
IPI(Gao %5,2013) 40.48 5095 91.74 148.37 14.40 31.29 86.35 45036 17.76 1542 74.49 41.23
U-Net(Ronneberger %,2015) 7024 69.77 90.52 44.83 5723 6021 8434 2223 6137 59.56 9134 4721
SwinT(Liu %,2021) 70.53 69.89 92.19 33.42 59.89 58.78 86.59 17.74 5934 60.82 9422 3324
ACM(Dai %:,2021) 7245 72.15 93.52 12.39  63.38 60.80 91.58 1531 63.12 6440 93.12 5522
AGPCNet(Zhang % ,2021) 73.69 72,60 98.17 1699 62.26 60.58 92.83 13.12 80.23 80.77 95.20 19.33
AlCNet(Dai %,2021) 7430 73.10 97.35 11.33 62.00 59.60 91.82 1453 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 66.28 89.96 66.33
UTUNet(Wu %5,2023) 7454 73.18 98.17 18.32 64.75 6232 9261 18.18 82.61 83.89 97.89 1147
MTU-Net(Wu %,2023) 79.32 77.13 9339 11.36 61.12 63.13 90.86 14.07 80.18 81.24 96.57 23.12
HCFNet(Xu %7,2024) 80.09 78.31 98.26 15.17 64.69 62.84 91.71 1328 78.69 77.61 88,12 17.28
MMLNet(Li %5 ,2025) 79.17 76.16 96.33 12.18 66.37 6524 93.08 13.37 86.19 86.02 97.11 15.34
Ours 80.12 7823 99.88 1.12 - 66.28 64.58 94.23 439 8426 86.48 9821 14.57

VE ML PR R 25 B i s R

F2 AEFENTEFESSHEILL
Table 2 Comparison of computational complexity and

model parameters

Jiik Params(M) CO(;;’;‘:;EE’GOI;;) FPS(f/s)
AGPCNet 12.43 172.84 23.89
SwinT 26.14 2771 14.76
UIUNet 50.54 33.64 1121
HCFNet 15.29 93.16 54.26
Ours 21.19 67.37 47.89
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Fig. 8 BasNet network architecture
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Fig. 7 Comparison of visualizations using different methods
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Table 3 Effect of different modules on detection perfor-

mance

BasNet ~ MPFM  SCTB  LGG  ToU% nloU %
N 7234 72.87
N 7633 7472
N N 7769  75.97
N N 75.12  74.84
N N N 7596 75.13
N N N 78.92  77.87
N N N N 80.12  78.23

TE O T AR A SO B, SR 45 50k [ SIRST #difk

F4 MPFM A ARREERE NS TIN50
Table 4 Effect of different attention branches in MPFM

on detection performance

MPFM LGGA GCSA loU % nloU %
) 76.94 75.97
® @ 78.73 77.72
) ©) 77.29 7691
® ® @ 79.76 77.87
@D ) ® 80.12 78.23
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((a) All layers with P =4, 8;(b) Layer 1 with P =2, 4;(c) All layers with P =2, 4;(d) Layers 1, 2, and 3 with P =2, 4;(e) Lay-

ers 1 and 2 with P =2, 4 (Proposed Model) )
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Fig. 9  Visualization of different patch size
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(c) SCTBE # %
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‘
:
y

(d) AR 44 T
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((a) MPFM replaced by U-Net encoding block ; (b) SCTB replaced by U-Net skip connection; (¢) SCTB replaced by NVTM; (d)

Entire network without LGG module; (e) Proposed model)

K10 AR AL

Fig. 10 Visualization of different module replacements

x5 AEpEEEENMERERN T
Table 5 Impact of different P—Value settings on detection

performance
P 56 45 2% 7 E/J?pf“ii_)ﬁx(Fﬁle ) 9
SR p=2 .4 7797  75.14
2HR)ZE p=4.8 74.62  74.94
12 p=2.4,H4p=4.8 7770  74.83
F122p=2.4, HA p=4.8(A&CHBUE) 80.12 7823
$1.2.3)2p=2.4, Hftp=4.8 7859  76.97

T I AR TR A SO R B3, 45 55k ) SIRST B 4

A MVTM #E8 5 R A B2 G frde 7t , HAnih e 1
P H B SR G ) AR TORARAT AR FE B S o 3SR HH

Tt AN )2 PR AR AR 1 SCH G RN 2 (Rl 4y 22
S T MVTM 2 5% 5 B SCOGER S 4 A
FEOE XAA AR A RS, AHEZ T,
ARSCHERIG] A SCTB J5 R IG BE 2 — A 3 7, ni Ak
S5 IREIE T SCTB 7628 fift )22 )1 X 22 5 T i 4
T AR T AT RO

WAL, R PPAS 7E ] — g 5 B B[R] 15F 5] A MPFM
FISCTB (38 - =5 [0 14 & HLH = A5 2 18 i fie
TOARTF5 M ML B, FRATTB T 7 B X1 1) il 5
5o FRTIEERIFR S5 5] 2Bk MPFM 5 SCTB
(Y IE - 25 (B R ) RS A ARG DA 2 Y5
TR T RO B P R PR RE IR B A, B
TR IR AR S rh R 5 B AME RS i b
1 T B el ol — 2 BT R A (H AR T O
R ARG BE R T, SR 2 HE TR G
B

F6 AREEET XKML R
Table 6 Impact of different connection methods on detec-

tion performance

I ToU% nloU%
Unet Bk R 1% 4 77.69 75.97
MVTM 78.49 74.91
SCTB 80.12 78.23
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Table 7 Effect of stacking attention mechanisms in different modules on detection performance

E- ik ann ToU % nloU %

MPFM "1 B GCSA s, Hifth A48 78.73 77.72
SCTB Hf 2 Bl -5 M) 7 27, FoAt A AR 78.21 77.03

MPFM 5 SCTB Hv 14 22 [ i 1 2% 6]V 7 7 77.29 76.91

PREFE TR R TIPLRIAZS (A SRR H) 80.12 78.23

T IOHL 7 AR A SO BT, SER6 285 Rk 11 SIRST i 4

2.4.4 TEWEERS LCCHHAA Rt

R B E AT TR T 4 B B LS LGG AR
WA M A SCHEAT T IR . BRI &, 78
PRFFRERL A A AR RS B0 N, PR T —4ix) L
SIS AR FH 38 A A A 28 R FH R B T
BIBEBUHARTIA LCG R ; fi A8 R F U 7T 40 i
HROFEAR G A LCG fiHe . S5 45 H ank 8 fir
IR AR SCEEHTE ToU 1 nloU b 348 T HoAth 195 b 57
2, FIRHRRERART TS ARAS , BAIE T %5 e A i |-
FRCR SR I, HERFEAE T, RH

-3 5 PR R G — AR LR A AT L (T R R
TS A FH R B ] 20 o AT R AR S AR R T i,
1 F T i = 1653 T8 A ., 7 A SO R 20 Bl G A
AIEEIRE 71 R %, S EUG I BEA Br R . BT LA
SOl 3 LGG #5iHe F1 FY Sobel A 5 i 2 #4511 25 (5
S IREE G A IR T R ] A e S T BRI A AR
PRAN TR AT B G RBE A R LA . AT
FEas 5 (E110) R , AR SCRLARAS I 2 14 /)N H AR %
T, B ST A 2 R 2 RE T AR
B A R

RS T EIFFGIFIZ IR EE R R

Table 8 The impact of different decoder designs on detection performance

i s IoU nloU Params(M) CO?SESE;E?HM“‘;)
PR 0 45 TR 78.69 76.97 23.25 92.35
PR BE A] 43 B A AR 78.92 77.87 21.19 67.09
PRI EET] S B BB+ KB LGG 80.12 78.23 21.19 67.37

TE MR A A SRR BT, SR 45 R0k [ SIRST #idfi 42

3. 5% it

KNS OBy Sl AR WINER T2 BHIE SR 0L
AN N 0 SCRlA R TR (1 ) B, 2 T — b 3
F 2200 TR 5 it 1 SCAASE A I Jr v (MPCF-
Net) . ZFIETEHMSEE 5] A MPFM, 254 LGGA Fl
4 JE) 38 T 23 1] 1 2 ) GCSA 458 AR i 1 5 ek X
BRI BIRE S7, 2R F SCTB 84 C Bk BR 14 12 LA AL A5AE
filt B 5 7 AR RS A b R W03 B 6 AR R AR T
AL THEERLLGG LLA R /N HARA 1Y o SR, 1%
778 H T 51 A MPFM 5 SCTB %5 £ /3 32 #1 Trans-
former Z5 ¥4, T TFAY7E FTHE I ; R, LGGA H =58
TS B RS B Bl A e OB TR, k= 58 4

FUE AL 5 WA, 10 265 £ 0 X8 52 2% 15 S W 7 5 T AT

FAAE—E B JRIBRTE . RAHIBTFORE R T ik — 2l
s F et , DLTE S TR RS B2 A4 [ i PR3 R
L, 0 5 X S AR IR PR Y B R
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