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MFAM H & B4 BI PR, To % 51 N B 2% b
hngE Ry B AT R vE ik AResNet+ DNA-NetZ5 % ik
i, R RIFrHeAEYE. ClResNet i,
AL RE NS TCE% 5 il 28 FL I 4 S5 1) v ) Bk 2 B A
AHITH,  JF AT Y5 S R 28 3R AT v 3 i S I
Zr, HAEROT W E4FTR.
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SAIN16. 32, 64, 128, 256, YIZRAIHERE LI T
PytorchiR 7 SJHESR SEH, A4 PR 855 8 #8531
Intel(R) Xeno Gold 6248 CPUQ@2.5GHzA11Ht
NVIDIA V100 GPURI TAES, . VEAIIZSE0E
MELFR. IERREL 500k, K Adagradiffb
2, PR BRI Soft-ToU, BRI 213 H0.05.
4.2 FNIERR
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# 1 FEEXBHREMMEEE(NUDT-SIRST)

H A 5 U/(%) Pd/(%) Fa/(x1e6)

Top-Hat 20.7 78.41 166.7

e G E IPI 17.76 74.49 41.23
RIPT 29.44 91.85 344.3

DNA-Net(%£8)  85.39 97.67 9.49

+SE 86.2 98.64 3.98

+SK 85.3 98.41 12.8

+ECA 85.50 98.41 6.78

R +CBAM 86.94 98.2 3.24
Sk +BAM 85.66 982 5.79
+GAM 84.88 98.41 33.96

+CA 85.25 97.57 9.77

+TA 85.75 98.31 12.82

+MFAM(ZA&3)  87.34 98.72 3.22
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(3) R, F B R MGV E R B bR SE
RGN, TEALN: F, = Prase/ Pan » Her,
Prase FURN Py 73 591 26 7 585 TN 415 2 B0R B 15 s
BE=E
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o AR R AR AT IR 5, DA IR SE IR I
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4.3.1 EEDH
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N, LS R AR g S A R
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NUDT-SIRST##E & T His S 24, K3
BER. RBGER . BRERFEAEER
Soo fEGEIERBRR IR SR e B, ERAE
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85.39%, fE5| AMFAMBH S 287.34%, £
MR P NOT.6T% 2T F)98.72%, EERFall
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R SINL#HISENet. SKNet. ECA-Net, MFAMZE
ToUtehs B2 M2 E1.14% 2.04%. 1.84%. 1Ak
PR T MF A MTE 8 155380 38 486 1 R 51N T
AR JIHUE], AR B 6% o oA B KN £ Ak
SN R IR A R =05 R i< E o R B E Bl 1 P b=
#HCBAM. BAM. GAM. CA. TA, MFAM{3%&
TREFEALPERE . CBAMN 23 [y 2 s B e Td
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=R, HIoUMELFMFAM F[40.4%. CARI
BAMAUAE H 4 J& P 5t Ak db 4715 S gmid, 2% T
R ATE R E R AR R B E s TAM IS e
PRAE AR S PR, (E R SEBL = 4 [ 52 B HLAt
HAE . MFAME R @ &iEE 52 AER,
LI ISR H, FEE AR TS RO
B8R N SC ST RHERRENGE /7, AT SR HE R 41
SPAWAANER v o8

MFAMAE S B A KU B4 R A R g, wf
AN Z R ERAE T ZER . BRDNA-Net4h, ACik
BHMFAMBK AALC-Net. AMFU-Net 2525 5
e, MRS R R 2R . SRR, MFAMYS

CBAMPBEHRAASF B, (HMF AM T K [ 5 4
PEREIR T N .
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(a)MF AM [RRAER 5 7E

SR B8 IE T 3 - 2 R] YA R 0 R A 1 AR R 1 4
J AR 55 B PRTELR JE P25 R AE A N, A SR [F)—
Hom A vk sl B AS, XFE e R R A
CBAM. MFAM =77 2\7ES % %% = (Encoderd-
5) 5 5247 2 (Decoder1-2) IHFAE 1, 45 %10
KI5

MIRtD 2R R E R R G, TR IR (4
A7) AP s IFahma B HH bRz £k, TR
BEF4H; CBAM(#(047) BB IEZZ 3k, (HEn-
coderbJZ H AR B IR 50K, MELLE JRE X
55y MEAM(ZLEAT) M S FRAT 2540 1) e 845 B AR
Fre 17, (#1055 H Fr7EEncoderd|Z R FE 5 )=

® 2 EBRNRRBATERLRBBMEEE

RPN IoU/(%) Pd/(%) Fa/(x1e-6)
ALC-Net (34k) 71.9 97.14 29
+CBAM 72.15 95.24 4.16
+MFAM (#F3X) 72.58 97.46 8.92
AMFU-Net (3££8) 81.17 97.04 32.24
+CBAM 83.04 98.41 15.49
+MFAM (£X) 83.32 97.35 114
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FEE T R, KT AP HCA T 3E H AR X 45
MEF A M A% A G 5 B B O 5 11 S22 38 R 4E, M De-
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BRIEMT . R, BRI AMERI AR R .

R TR A 45 FAIE B T MF AMGE i I 4T 5 4
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RELSES HARE R, AT S EAEE T
JRUGHFAE, SRAA RS IR 22 BFY, (6 B ARHRE
TEM IR ZAT RS AR s Sigmoid 5 ik fl &
SERLEIE -2 (0] 28 G AIE, A0 B — 2 P AR R R
e

(b)Z 35 T 1 B Ara il 3R

FI6 BT B T 2 Ry st AN [F) 9 2 J Ak %
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fextbl, = SRR, B e, M
Wegr . % H bR Sm AP TR . B AR
2. HMTIRE R AR, T AR R IR Y
B R Xk DA K = 2N G OK FE AR R B, 35
55/ EARTE I B o0 Al b FEARARA. R L BAT 5 v 451
WISE. ECAZHZ FMMELAR, K2 RmEsm
. BEHTIE R ERANE RS, B R,
CBAM. BAMEA 7 [0)VE R S 4R H i T H A Bk
Sh Rl R R ) e s AT I, ek
[E R 12T CIRE R — 20 = A R s X T
W1, FESTERX R SUY B E A, Hbrk
BN KBRS D BEIR SR ERE g &, SE.
ECA. TAZEIE TS 177155 Y 51 #7728 2 il # |
AR, 5y H bR R BT S g e, AT H
P RS T A SCHR I MEF A M8 i i
T -+ 2 18] FRAT G5 R0 T IR 7 15 ) R T3 4 07 3k
M FEOE B, 5SS H br i GG e 5 56 B 4% 3
FIRE: FIEIEH T GMP (45 ¥tk ik ) 1 o
T R e R R U, B RS M L B AR
ERZAW R HRE s Bl i sigmoid e ik X
PS030 0 3047 78 o il ELAR, AROK 3

(NN I ey =Wy I T EA A NAN = B o AR R A



Fx

FRRAE. ZUREE R RN B bR N7 % 7

O NEIEZ S P L= S A AR EL s 52 81t
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AT W RS I IR TR BRI . B
Je, B EARRER e 7, TEHEIE S s
()4 FE R A SRS I BTk 2R, T ANEE B
Gt 725 H R RV R 52 .
4.4.1 ZHEREHFNHR

T VAL TE - 2 ) 2 4k fh A HL ] RO,
A T AR E A A Tkt RE, A
FEOGEEER D N EER S B -7 R Rk
RlA DA R -2 B R & (BD A SO k), 455
TR, SLIRRE, FEIELRAILARE 5| NdiE
TR (+C) B2 ) = (+S) ¥ REMGEToU ., A&
R (PA) MR (Fa), YR IHLEIA B T3 58
AN B AR IER R . 325 5 NBIE- 2 [AER S
(+CS) [ #E— BT RE . 5 BEh & 7 UM B,
AT H I IR 45 M TETo UM P d | 43 ) 32 T
0.37%#10.39%, Fafffk1.41x10°%, HAHET I
I 45 P R 1 5 a3 1A B BB T N ARAE
2R T B AR AE LR Z 4% R R
4.4.2 EEREBARNBEIN

AN R R Rt SRS R AR, A S Sl U
R T 2R FEMAL(GAP). 2R Ktttk (GMP)
PLEGAPSGMPECE A =My, S5 RWER4pr
e AHEEIELRARAY, sl F GAPELGMP 7Tk
—EMERERR T, H GMP [ H AR B X
fE, fEa4bNEWG P RIER . BEHH

GAP5 GMP Bl T SR #B 5 2 PERFALE DURBUR T8
fEH bR, XAEeh& 4R b SO LU i ) e
71, BISRISRARRZR A PR -

5 hGERESI

MH AR REEDGMHENH, %t
W T 3 T FPGA+GPU S AL BE 28 42 B U 2 ik
GREACER T, HEE T AR 4R A ER
FI¥ERR I LL AN HARK ISR, DLSIE SR TE il 2%
ity {14 3508 2 R

ZA RS B E T LR EREFPGA L iR
GPU. DDR4EREAT S K e MMCHR A AFif
TRz, W T AR —RIAgMN Y&, Bg
FEICRAR R 2R e i 4 IR H R E A
B, CREDhREI A LS FIETEL B . 0t
HEHCR HFPGA S GPUM A ZEH, WETH=.
Hrp, FPGA#%HXilinx XC7TK325T, £ EA7 tm
RGN R S5 TA R, GPUXRAINVIDIA Jetson
AGX Xavier, ££M512#%VoltaZ2#JGPU. 6415k
B0, SArm® CPU(EH N2.265 GHz).
16 GB LPDDR4x 7132 GB eMMC 5.1774i

AL BRI 2 25 R
W7 BIERSE, BB ()ER A EITTAGX
Xavierid ZMGPU L #5EDNA-Net+MFAMZL. 4k
/N ARG DX AR TR 5 (2) 308 e 1R 5 A 2 A 3k
MG 2B EEE B AT, HFPGASH T
AL PR 515 NAGX Xavier GPUBHTHER, JH¥iiab
R R B4 5 b

7 HFFPGARIGPUAL B

*® 3 TEIEENMAF AR

* 4 FRIEEHGHNAIMEREXTLL

Bk oU/(%)  Pd/(%)  Fa/(x1e-6)
LAY 85.39 97.67 9.49 Bk IoU/(%) Pd/(%) Fa/(x1e-6)
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Infrared Small Target Detection Enhanced by Multi-dimensional
Fusion Attention

LI Weixing®  WANG Shuai®  CHEN Huaiyu®  SHENG Weidong®
®( College of Electronic Science and Technology, National University of Defense Technology,
Changsha 410073, China)

®(Xi’an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences, Xi’an 710061, China)

Abstract:

Objective Infrared imaging boasts advantages such as long operating range, wide coverage, strong
concealment, and all-weather visibility, making it widely applicable in aerospace target surveillance, maritime
emergency rescue, forest fire monitoring, and earth remote sensing. Infrared payloads are typically mounted on
platforms like satellites and aircraft, capturing images over long distances where targets appear small in the
imagery and lack distinct texture and morphological features. Due to weak thermal radiation signals, targets
are prone to being submerged in strong clutter. Current infrared small target detection networks face several
key challenges. First, target segmentation networks expand the receptive field through continuous down-
sampling, which can cause the features of infrared small targets to be easily lost in the deeper layers of neural
networks. Second, features in the deeper neural network layers tend to diffuse. Therefore, under the constraints
of long-range imaging and complex backgrounds, achieving high-precision and highly reliable infrared small
target detection remains a research hotspot in the field of infrared imaging.

Methods A channel-spatial Multi-Dimensional Fusion Attention Mechanism (MFAM) is proposed to address
the challenges of small target size and feature diffusion in deep networks. Multi-dimensional features across
channels, height, and width are captured, as well as the dependencies across these dimensions. By integrating
feature fusion and cross-dimensional synergistic interaction, feature diffusion of small targets in deep networks
is mitigated and the robustness of infrared small-target detection is enhanced. The channel attention and
spatial attention modules are applied in parallel directly to the input feature maps, performing feature
extraction and local information interaction along the channel and spatial dimensions, respectively. In the
channel domain, features are compressed and processed through a Multi-layer Perceptron (MLP) to capture
inter-channel relationships. In the spatial domain, Global Average Pooling (GAP) and Global Maximum
Pooling (GMP) are employed to encode width and height dimensions. Finally, feature fusion is achieved via a
Sigmoid activation function. Compared with traditional hybrid attention mechanisms, the channel attention
module and spatial attention module are applied in parallel directly to the input feature maps. This approach
enables refined encoding of the channel, height, and width dimensions under a global receptive field. Meanwhile,
shallow features with spatial details and deep semantic features rich in contextual information are captured.
The proposed MFAM features a plug-and-play design, allowing flexible integration into various baseline models
such as ResNet and DNA-Net without introducing complex additional structures, which demonstrates excellent
compatibility and generalization capability.

Results and Discussions The publicly available dataset NUDT-SIRST is utilized to conduct a performance
analysis of the proposed algorithm. By incorporating the proposed MFAM into the baseline DNA-Net, the
Intersection over Union (IoU), detection rate (Pd), and false alarm rate (Fa) are 87.34%, 98.72% and 3.22x10°°,
respectively. Compared to CBAM, BAM, GAM, CA, and TA, MFAM improves IoU by 0.4%, 1.68%, 2.46%,
2.11%, and 1.61%, respectively(Table.1). CBAM places the spatial attention module in series of the channel
attention, which may lead to information loss during feature propagation. CA and BAM only employ GAP for
information encoding, overlooking the role of max pooling in deep feature extraction. TA realizes cross-
dimensional dependencies through rotation operations but fails to achieve simultaneous three-dimensional
interaction. MFAM simultaneously integrates channel and spatial information, enabling sufficient cross-domain
interaction, and combines global average and max pooling to enhance context and detailed feature extraction

capabilities, thereby achieving more refined infrared small target detection. MFAM is also embedded into ALC-
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Net and AMFU-Net, resulting in IoU improvements of 0.43% and 0.28% compared with CBAM(Table.2).
Through ablation experiments, detection performance is compared under different attention combination
strategies. Compared to the serial fusion approach, the proposed parallel structure achieves improvements of
0.37% and 0.39% in IoU and Pd, respectively, while reducing Fa by 1.41x10 ®. The advantage stems from the
parallel structure applying channel and spatial attention directly to the input features, mitigating the diffusion
of target features in deep networks. To validate the inference performance of the proposed algorithm on edge-
side processors, a verification system is designed by using FPGA and NVIDIA Jetson AGX Xavier. Practical
testing confirms that the proposed algorithm can be deployed and inferred on edge-side GPUs, with an average
single-frame inference latency of 46.7 ms (Fig. 8) for 256 x256 input images.

Conclusions A Multi-dimensional Fusion Attention Module (MFAM) is constructed in this paper. The MFAM
module achieves effective aggregation of channel and spatial salient features and enables cross-dimensional
adaptive interaction, enhancing the preservation of target features in deep networks and ensuring robust
output. The MFAM module exhibits favorable plug-and-play characteristics. Experiments demonstrate that the
proposed algorithm performs better in metrics of IoU, Pd, and Fa. A lightweight intelligent processing unit
based on FPGA+GPU is developed, which successfully achieves deployment of the algorithm on edge devices
and enables high real-time inference, demonstrating promising engineering applicability and future application
prospects.

Key words: Infrared small target; Attention mechanism; Feature fusion; Edge intelligence
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