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Integrating visual Mamba and frequency-domain priors for lightweight SAR
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Abstract: Objective Synthetic aperture radar (SAR) is crucial for all-weather, all-day high-resolution Earth observation.
However, accurate ship detection in SAR images faces two inherent physical and computational dilemmas. First, the coher-
ent imaging mechanism generates severe multiplicative speckle noise, blurring target boundaries and inducing high false
alarm rates in complex ocean clutter. Traditional methods and conventional convolutional neural networks (CNNs) struggle

to filter this noise without losing structural information. Second, large artificial targets like ships often appear as discrete
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scattering centers, requiring models with global receptive fields to extract long-range structural dependencies. While
Vision Transformers (ViTs) introduce global modeling, their quadratic computational complexity restricts deployment on
resource-constrained edge computing platforms. To overcome these limitations, this study proposes the Frequency-Spatial
Mamba Network (FSM-Net) , a novel lightweight architecture harmonizing global long-range modeling with robust speckle
noise resistance. Methods FSM-Net deeply couples frequency-domain priors with selective state space models (SSMs)
through three core components. First, a learnable frequency-guided activation (LFGA) mechanism is introduced-at the
frontend to prevent non-linear speckle noise amplification. LFGA utilizes a two-dimensional fast Fourier transform (2D-
FFT) to map features into the frequency domain. Using a dynamic gating mask, it adaptively filters out high-frequency
speckle disturbances while retaining low-frequency structural components, providing a purified initial hidden state prior via
an inverse FFT. Second, a Depthwise Separable Convolution Mamba (DSCMamba) block serves as the core detection
backbone. It replaces standard convolutions with depthwise separable convolutions (DSConv) to reduce parameters and
employs a two-dimensional multi-directional continuous scanning strategy. This flattens feature maps across four direc-
tions, allowing state transition equations to traverse physical topologies with linear time complexity to associate discrete
scattering centers. Third, an adaptive cross-stream fusion (ACF) mechanism is devised to compensate for local spatial
details lost during sequence flattening. ACF integrates a local sliding window parameter-free attention (LSWA) branch,
evaluating an analytical energy function based on local neuron variance and mean to precisely activate high-frequency
edges. High-dimensional features are then compressed via a structural re-parameterization technique, enabling zero-
latency inference. Finally, a spatial-frequency adaptive feature fusion module merges the global Mamba topological fea-
tures with the ACF local high-frequency edge features. Results Extensive comparative experiments on the SAR Ship Detec-
tion Dataset (SSDD) and High-Resolution SAR Images Dataset (HRSID) demonstrate that FSM-Net establishes a new
state-of-the-art baseline. On SSDD, FSM-Net achieves 98.2% mean average precision (mAP) and 73. 0% mAP50-95,
surpassing the Vision Mamba (VMamba) baseline by 1. 9% and 1. 5%. On the complex HRSID dataset containing dense
inshore clusters, FSM-Net yields 93. 1% mAP and 68. 4% mAP50-95, improving upon VMamba by 1. 5% and 1. 1%. Cru-
cially, the model maintains excellent computational efficiency, requiring only 8. 72 million (M) parameters and 21. 35
giga floating-point operations (GFLOPs) , while reaching an inference speed of 151 frames per second (FPS). Statistical
evaluation reveals a remarkably low log-average miss rate (LAMR) of 11. 8%, significantly outperforming Faster R-CNN
(29.5%) and YOLOv1ls (13.5%). Feature activation heatmaps qualitatively confirm that FSM-Net effectively suppresses
coastal noise and flawlessly connects discrete scattering points, mitigating target fragmentation and missed detections in
dense scenarios. Conclusion FSM-Net effectively bridges the gap between frequency-domain speckle suppression priors
and spatial-domain long-range evolution. By innovatively integrating the LFGA mechanism, a multi-directional scanning
DSCMamba backbone, and the zero-latency ACF module, it completely resolves the dilemma between coherent speckle
interference and the long-range association of discrete scattering centers. Adhering to a highly lightweight computational
budget, FSM-Net provides a theoretically sound and empirically validated new paradigm for high-precision, real-time SAR
target detection in complex maritime scenarios, exhibiting immense potential for future deployment on spaceborne and air-
borne edge computing platforms.

Key words: SAR ship detection; selective state space model; frequency-spatial synergy; depthwise separable convolu-

tion; parameter-free attention
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B3 1: FSM-Net Bk 12
Algorithm 1: The Overall Pipeline of FSM-Net

FSM-Net B L H R E

/B BE 1 B 12 B0E (LFGA)
2:X < Stem(1) //{RJZHAEHEEL
3:forc = 11to C do
4: AP, < Amplitude/Phase(2D - FFT(X,)) /[ HEFHE 537
HWREE AHAL
5: M, < Sigmoid(Conv, . (W,))
6: X, <= 2D = IFFT((4,OM,) - exp(jP,))
7:end for
8:h, < LN(Lin(X)) //2E AT UA BUIR 2S5
0/ B 2 IRAS TR K AR AR
10:for &F—> DSCMamba 3t do
11: 6 22 2D %) — CrossScan(DSConV(f))
12: fork €{1,2,3,4}do
13: AP —APRY |+ BOM JRR SRS
14: yB — COpW
15: end for
16: F, < Lin( > YY)+ X //E il 5% 2
17:end for
18://HY B 3: BIENIEE WAL E (ACF) S
19:E" < EnergyFunction(X ) /3 # o2 BE 2 PEAY
20:X, < Sigmoid (1/E"YOX /18 IR e 9 %
21:Y, «<— ReparamConv(X,) //T ZH LY
23:5¢— AvgPool ([ F.Y, 1
23:a < Sigmoid(W,8(Ws))
24:F, «— aOF, + (1 - «)OY, % FLER A
25: return DynamicHead (FPN(F,))

S R AR R AR ; O 2R Hadamard FUE P45
JCEANTE ;8 /R ReLU ARG s %L, LN(-) AZIH—1k
BAE, Lin (1) AR .
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Fig. 1 Network framework
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TAE DT 104500 1 SAR ARG . Oy 1 AR EAT —
AR 25V A 1Y ] B 5 O BIR 2 b £ A SAR RIS Y —
AE 4> [ Wy BREE A , R LS5 VMamba ot — 455 B
S — 4 Py 9 A 5 125 (Tu 55,2025) , 5T AT
T4k £ ) i Sz A SR 1% (multi-directional continuous
scanning) . 7% JEF| SAR & H AR Y 5 i 1] 5 BE
B EEE AT AR A 4 BT R AR SO EE T A B Y
IR (AN ERA T WA TEE E A E
2T AT 2L )R XA

{ seim

| Dsx® |[1]2].:]8
; =
ol ”‘; xm [o]8]..]2
47| 5 | 6 Bt -
T i IW W—x@ [ 1[4]..[6
sy
P M)—xw 9|6 .. 4

K4 ZmEs

Fig. 4 Multiple continuous scanning

X TR AREAE X, 090 465 0147t of o Do s 722
JEP Dy PUAS i SE R —ZE P A Y, o, 2, g R
N L=Hx W, XA FFFIR o3 516 AL 2R Y
TEREMIR S 23 0], FEAT 20 57 AR S AL SRR TR S
AL AR TR D — ST AR RE S 1T F AR
(4 F2 7 o) AT 1 200 g, ST WS A R A A AR
o 5 Y IR S E AL B i B — ZE R AR A
v AR BB AR B ) OB ] 4 2 [R] 4E
YW e ROV, e, 0 2% o i e G A R Y
D71 B ZHERAAE AT SR AN S L MG |, 5E 2 ] K

RS ROWRIE R A JFA A 25 S 5 SR i A
X HEAT 78 70 F AN 1% 2 % 12 , LA 1 199 265 HEAK
TIZ S50 b 6 B AL RS e M . 280 Bad kit
Mamba 155 TE P45 42 Jmy A7 850252 B 14 ) I HAR
DA AR HILE O(L) P 4TI TR )2 5
SIPEARREAL IR T X IR 2K RS TE
R RO HEARFFIE R A A 2R 55/ BARIV TR T
HAE S B AR PR AR T 52 IR B 900 i B2
B

1.4 HENERBSHLE (ACF)

Mamba 7 5% B2 i (0] 2 2% B8 I6F, A% O 9 3%
S 5 ZORE AR A 23 6] R — 4R 8
X — RN A G R 1 R AR ER 1] (Y s A
Ko, S B IR Z AR 2 ) H AR S S A
JSSPT 44 A Jr S v AL 9 I i AR IR A

XFF SAR UGN &, Jay il v A3 240 19 o2 X 0 5 4
I HE LA KV [ DA AE 30 53 80 A% 0 I A A
N T AEATEIR Mamba 2 4045 P A T $2 R ORAR X
— R R DR 4 R B2 BT 5 SR B A ) R LR 22 8] Y
FIEASCR T — R B AY FIE N  ER S L
il (adaptive cross-stream fusion mechanism, ACF) .
Z ML 44 HE Mamba JE&AZ 43 52 5 0 2 Jm) I8
O SCHY UK I AT 2840 JF I A S B 5
F I8 R IE RS, S0 T AR AR BT 4 T B 2Rk
TSR 53 SR 52 S 3R
141 JRifREEILS KM

BEXS P 91 JR - 25 2% 11 Jm A TR A Y5, AR SO
M 57T Mamba 19 5y F R4 3 o ARSCHIA T 3Z 16
PAJE 2 B B (simple parameter-free attention
module, SimAM) ( Yang %5 ,2021) i & B9 2L T HE & bR
B0 W % 2 i & 1 WL (local sliding window
parameter-free attention, LSWA) . W&l 5 fi7R,i%Z7C
SRR T WA KRR SE 22 A
BLILE 7 20, T2 B 1 — M BT RE 1 s SOR
SRR R TP R SCEEE R

X T 45 8 B AFFIER X e ROV A
[ B R (B w) TEARFAE JEIE ¢ T Y I N AR 3 7] 58 X
HN—AAE A AETC . AR LS EE L,
Tp—DPZTT ¢ By — TR W VEE R
AT A A 22 70 5 LR BRI AT el 22 T8 22 fi) ) e
A, PR AR IR PO R P R AR

FRATR AR X B B — LB — 1
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PRS2 10 8 L—A ¢ AL A RS R
Kx K ()R shes 10 Q38 I 7T #2700
() RBP4 . B R e DAAMR AL M - 1A
MZICARIE N x, (i M = K x K) . N T fij g 4
JC ¢ 5 AR «, W EZME FRA T E T AT RE
PRI :

1
-1 X‘E%ﬂ(—l —(wx, +b,))
+(1 = (w,t +b,))* + Aw!#(6)
1Z 2l TR w, B 2 b, IR K
HARRE 2870 ¢ 5 H AR 2870 «, AT RS2 25 . A
AEdE e, MM/ MAERE /N, UL 250 515 Sox 2R
2 AR SRR AR SR b Yy b R .

w, A b, 73 2 A He g ASUE A

et (wnbmxiﬂt) =

—— e o o e e e e e

LSWAIELR

PN SIS

{ BEwEOwE |

EEsEtE
WEITHE 0,

ETIE K.

BEERRHTEREY

40,2 + 44

& T =) 20,2 + 24

—— o e m— = —

SRR B B IS Ty LSWA bk

Fig. 5 Local sliding window parameter-free attention

5
TR &, A jaftﬂ'm:%%to IZRE T R B
NAET Y HARP AT 575 5t x, 22 5 KET %07
TR BAR/ ME R R/

H1 T B IR RE B pRBUE — N ML) R TC A AL
AR, FefT AT AGIASIE w, F1J722 o, JF hd1E
w, MJ7 2% o Al DL EH B R A5 w, F1 b, B9 P =X A
(closed-form solution) . FF-H 1 A AC A JE 7 72, HD
A1 B/ N RE L o) MUfRBTRIB

4o + 4

' = ’ #(7
“ (t =, ) + 202 + 2 (7)

HIIE R IL , fe/NRE SR e, ‘ﬂfﬁ%mt% AR B4 i
o, B 28 5 IR o 5T O, FA T o BRE i Y {8 K
ke A = 4 3 R O AL ﬁXﬂ?ﬁﬁ% ik BEAT
M -

=

= sgnai L Jornts

AL ET AL T P T8 A S A R/ NRE R
SR, O KRB LR MR . ixad LIS BAE
JUFESER ST RS SAR H AR &8
WSk, 58T 23 [ 40 i) 28 4R e

1.4.2 HREEGEEESHEY

Mamba #5h T IRUEBAR S REAS 2290 78 2 19 42
Jai bR SCAE L R B 38 1 K08 R T R
B N\ EIER A EER 2 B RS B e
MR A S R A R Bl ok B A, I,

WA It K 22 rh Bes | AT 3B S AL 2R A T 4t

g Y AR AT B 4 30 3 2 R ] P AN A 2 A
AR LR AERE ), ARG T AL T 45 *ﬁﬁ;‘%ﬁﬂi
(structural reparameterization ) f*) =5 AL R A L
*%ﬁ%«lﬂﬁll/ﬁﬂfﬂﬁpﬁﬁéﬁ'ﬁi‘ﬁﬂﬁﬂ’]gﬁ%L#ﬁ775
R o

WK 6 Frzs, LR 2RI B, o T4l AN []
BT ARG R R T 20 300 T
GEth o 20y SCEHIR T T A SRS () T
(R UL, i 1 38 1 T AR IR AR

T AEASE Y (0 4 B 35 B B, 2 0 St i ok
FHN A AF D TR AR MIHESR o e, FeAr ) A 4 AR
VAR AT it B RS EM TS
BAKME , 1 TR PR IR X R IR I 2K
YRGS A%, B nT LARSAR G 0 Wi 81 i ) o A
BAE Y, JEF I, X 1 x 1 B R 7 Y JE b
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IgmBssTmIRMEE

3x3 Conv

Y

| EENRESSwEE )

K6 i E E S HEE

Fig. 6 Minimalist channel reparameterization projection

FHALR 3 x 3HIRAR , TR fE S i 43 S A E— A
HLL o 1T AT 0 MEE 3 x 3R, U2y =
ANy S BB T SR N — 1 U G
To TESEBRHEHRAT, FRAE T 28l — YRS 1 19 B4
YHEBEE FEZFMERAER RN T, B T
0 IO 1 T T R
1.4.3 Bz FRRE [ Al 0 G

2 7S S KIS BB HCEE R, K&
iy 0 B SR BB ARRAIE L LA T BRI ) AR R . AU
A 14) AR i it 2 il 1 S A6 REAIE B Mamba 1) 404 2
FRIES LSWA (14 J5y 38 S MUREAIE 22 ] 1) - aot i 55
o N T IE AR LRI RRAE & 3, T 2 R i
FRAE5 TR H Mamba 19 & RS E S T4 5 o

BTSSR RS H ARt 4 R 45 #4 5 Jr i 40 45 4t
PR MBS AR AR ST T H 3l W R AE il B
T K R A U A A T A R DR R e R
PR R G 4 )m EF SCHERST s o BEJE R IRLT
s TN H W 2 4 B2 2 A0 AR ) 2 R N 445 A
HIAMARERNRE o e RS

a = Sigmoid(W,8(W,s))#(9)
Horp 8 h ReLU 346 PRE, W, SEBL T R4 LA ) =
o, w, PB4 T o e, FIRNZ A o]
X4 SRR IE F, 5 R R AE YalE A T A8 A A
iyt ACF REE Y e A FHE F -
F,=aQF, +(1 - a)QY#(10)

XA B AR5 P AR A HILE] , A5 0 28 RE 18 7E IR

JEFRIEZS [E] rp [ S AU AT BT e S0 56 15 2 S A0 15 i)

IO B LB, A DR B T 17 A 2 T o S A8 RUBE SAR H A
Mz AL PR

2 KBWEERSH

Y B UE AR SCHE S 84 45 Bp TR 285 % 1] o) 285
(FSM-Net) £ 52 7% SAR K18 B AR 4T 55 v (9 A 54
P G EE SR A AR I BURLR) SAR
F PRI e 4R b EAT T 2 A I 5 i S .
T e 43 S5 B BB A S VA AR bR s TR A
P 245 D11 225 1) S5 it 40 595 Bt 368 5 1 552 30 TR U A
LFGA \Mamba T 5 ACF ST/ FIHLEE ; e f5
FSM-Net 5 41 32 It (446 0 55 6 2047 4 T A PE RE XS
Fe 5 T AL 3
2.1 HER&E5IFMEER

ARSI BEHL T WASTE SAR H A A I 45 sk b
HACERAE B B A m B P 1) 2 JF %46 48 < SSDD
(SAR Ship Detection Dataset, SSDD) -5 HRSID (High-
Resolution SAR ITmages Dataset, HRSID) .

1)SSDD %445 (Zhang 45, 2021) : 44,55 1160 5K
%5 (RadarSat-2 . TerraSAR-X %5 ) . 2217 511 SAR &
% , 3£ 2456 4~ H A5 . 2) HRSID % 5 4 (Wei 55
2020) : 7 5604 5K = BER R, 3616951 4~ H
SeAi] o AH L SSDD iz 4 v B R AR T HE/NH
i L By e e S5 5 2 e T LE 9] S 3B G, T
RRITE S % P 5 N Bz ALRE ) o A SO i
FHA 53 bR o B B0 45 L) 82 2 1 LL 40 43S )l 5 B
FI A

AR T AT ZEEAR bR, EEOR AR OCHE bR
AL HEHRG i 2% (Precision) . A [712 (Recall) LA K 3{EF-
YK 2 (mean Average Precision, mAP) . [ B} 35 Bt
Z Rt (Params ) FIPE 2518 SR (FLOPs ) 7 Ry #5714
O 2% PE RN TS TT S O 0 B A oA
2.2 KWINEELHEMAT

S50 ) HRORE R BR BT B R  BRAE R SR
Ubuntu, 4i #£1% & 4 Python 3. 8, 3£ CUDA 11. 8 3f
£ 515K NVIDIA RTX4090U (24 GB & 17)GPU L iff
IS P T B B AR A i A
P G — 45 T ok Ko 85 8 640x64015 % . ML IR
JHBEHLES FE T B (stochastic gradient descent, SGD)f;
B8 W IR 2] R BE S 0. 01, Bl & - 0. 937,
B I 2 M 0. 0005, LAY 25 300 4~ Epoch,
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HEAL A /N (batch size) hy 16, YRR A %R
KR W Bl 25 L 2= 2 R FFAE T 3 Epoch 51 A
Warm-up TR WS, LAAR R R 2 25 TR Y 19 40 4tk
Al
2.3 HEESEIG SANHIIEIE

J T BRIE #AT FSM-Net H 44 BT A B i) 512 5
DURR , A SCTE HRSID B 46 b oEAT 1 7™ %5 09 T fil 52
B AP I . FRATLAA AL B AR AT A SR Y
ali Ve PR B I 45 SRy SRR ALY (Baseline ) , 3 A4k A TT
2 R S BT AL (LFGA) MR AR 25 1] &
+ (DSCMamba) DA K F 38 N7 25 3 fill 45 HL A (ACF )
BRI Al A S R R 1R

F1 7EHRSID ##E&E FRYERLSEIE
Table 1 Ablation results on the HRSID dataset

LFGA  DSCMamba ACF  P(%) R (%) ”(‘j;l;
- - - 882 849 889
N - - 90.6 852 916
- N 914 862 922
N N - 91.6 870 924
- N N 927 874 926

J N N 935 878  93.1

HE VFRG AR, - R AR AR I T R R 4
AL R

MR 1R, 5| ALFGA J5 ,mAP T} % 91. 6%,
B A R 3R T EDIE T AL B DB 4 T 55/
HARM s . i —20f% 3 T840 DSCMamba
J& mAP 3 2 92, 4% , KK % L 5 i 7 %45 Hinm
R 5 A3, L — 4 P 91 J S R 1) Jed 3 40 1 o
S ECRE 1K (Precision ) I F 2 BR . 24 A ACEAR
HAhy 57 H 0 DU AR J , PN 245 LT3R AR T )R v
WRRAE A3 2% AS A 8 mAP 15 B B A5 Y 93. 1%,
LG ELBGAIE T AR S AR 2 M -4 ) 3 Ak JR)
TRECEMRIPLE] Y RGP 25

J T RARAESS 1. 4. 275 B 5 kb 14 3 1 8
SR R B TR R AE 2R A 55 40 B Jy ARG A K
P, A SCHE HRSID B 4 it T 4H X il 52
WS %) 20 N7 X L Sy o S v R 2 A A O L
A AT HOAS [R) 45 52 465 K RS IS BB 28l 115
T R FE R, LI A AR AR LR 2,

F2 AENIBERR K HRSID 55 FRIEEEFF 55
XftE
Table 2 Performance and computational cost comparison

of different channel projection strategies on HRSID dataset

i Params/ FLOPs  Inference ”(If;f;
convlxl 624M  20.86G  5.71ms(175fps) 922
conv3x3 8.04M  21.25G  6.24ms(160fps)  92.7
MultiBranch ~ 8.72M  23.93G  7.04ms(142fps)  93.1
ESEIRE  872M 21256 6.62ms(151fps) 931

T L P SRR 25 S i (R4 2R

g5, R A e 1x1 4 B R B
(20. 86 GFLOPs){EUG B 3Z FR (mAP 92.2%) ; - £
Oy S IATEE R AR EE TR ¥ (93, 1%) B 2 5 300
BN EFEAEIR 3 2 7. 04 ms. AR SCRAK)
HSHHE R WS BE A B A 2T & o0 B 33 46
FULECRRE mAP 930 1% = B 19 [R1Bs) B F 55 i
il 7E 21. 25 GFLOPs, #fEFE# & 1K 151 FPS, A 343 i
TSRFAE S 5 E WG AR % LT oK .

2.4 5XREEMIEER

T B FSM-Net 7E SAR [ FrA6: 0 45 5% 1) 4% 56
AT, A SOR L5 Y JSEHE B PRI AL AT T 4
XY . % E X555 T Faster R-CNN, RetinaNet «
YOLOv8 &4 %% . YOLOvI1 &5 /%% . [F]if, b5
JLF Transformer 2244 %) 25 R A 7R 47 T X6 HE
£ $5 SwinTransformer ., Deformable DETR (Zhu % ,
2020) RT-DETR £ %Y | Pk K DETR 2844 F £ X} SAR
& 1% K I 3 17 i3 B9 DCEA (DETR with concen-
trated deformable attention ) 5% %Y (Lin 25 , 2024) 4t
XF SAR MR 22 ROBE 0% () B TR A Iz B 5
Z A i M2S-DETR 25 (Guo 45, 2025) , -it41,
X B E BT B B SAR B bR JE E I
1% UCR(Zhang %% ,2025) L FEA T4 I BFAR

XF L 5236 43 51 7 SSDD i HRSID %48 4 | it
1 8L R TR 3 58 40 AR ST A6 RS 2 45
FEBR I RIS, FRATT IR OC IR AR 1) & P e i AL A8 A
IR H A L B TR 50

1 SSDD B4, Faster R-CNN 25 7 i) 4% B
SR LA — 0 (ARG B LA, (0 FOAR R %) 2 850 R s B
B F IR BRI T AR . M2 R, B
BB BEM 4540 YOLO Z 50 ZE H 30K 1t 34
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TEW, HiEFE, D8R, ARTE
&5 Mamba 5358 £ 0 F B4 SAR MLAR B #Rid il

B AE T SAR FEA B AR T BET P F = K B L H
B B, B2 8 TR S A SO Y FSM-Net 7E
SSDD %4 4 b HUAS T i =54 98. 2% 9 mAP, £ Hr
Z T RFEGIAT 4 )5 #EAEE 1 1) VMamba F9K B
137 96. 3% 9 mAP, {H FSM-Net 75 It 5L Al I 4K SR 52
T 1.9% iy EPe Tt o AT H PR AR 1Y HRSID %k
P AR b, 4 FE el ok T e K Y B ORI SRS
A AL BT 7 T30, fEB S T, S gl CNN
Jaral R 7 B R AU 4 Faster R-CNN H B0 T ™ 5 A4
e, 1M FSM-Net 52 Mamba 3 T T 94 (81 2%
TVEAZ BT | Ref 5 Ry i 46t 55 450 A A 22 ) 7
eV, w R HER Y B PR IA AL, HUS 93, 1% 1Y
mAP, % VMamba 3 T+ 1. 5%, {545 1 4 % (19 K5 i 45
Jethd.

®3 AREFETESSDD HiEE LR Eaefatrxt tb 4R
Table 3 Comparison of performance of different methods
on SSDD dataset

P R mAP mAP50-

I (Method) (%) (%) (%) 95

Faster R-CNN(Li %,2017)  89.6 883 912  68.5
RetinaNet-SAR(Yang %£,2021) 91.0 89.2 92.5  67.2
FCOS-SAR(Yang%:,2022) 85.5 83.4 88.1  64.3
Cascade R—-CNN(Zhang %:,2020) 88.1 852 89.3  66.8
SwinTransformer(Liu %£,2021).  92.5 91.4 927  68.1
YOLOv8n(Yan%£,2023) 91.5 89.9 91.8 68.7
YOLOv8m(Yan%,2023)  95.3 93.6 946  70.6
YOLOv11n(Bakirc %£,2024) 92.4 91.1 93.4  69.4
YOLOv11s(Bakirc %5£,2024) 94.8 929 94.1  70.3
Deformable DETR(Zhu%§,2020)  93.7 94.2 94.4  70.1
RT-DETR(Zhao%%,2024) 95.4 95.1 96.0 713
DCEA(Lin%%,2024) 963 958 96.5 71.8
UCR(Zhang%#,2025) 932 92.1 93.1  69.2
M28-DETR(Guo %,2025)  96.6 962 97.0  72.1
VMamba(Liu%,2024)  95.1 957 963  71.5
FSM-Net (4<32) 97.4 96.8 98.2 73.0

F4 AEFEEHRSID B E R EREIEARXTLE 45 R
Table 4 Comparison of performance of different methods
on HRSID dataset

P R mAP mAP50-

J71 (Method) (%) (%) (%) 95

Faster R-CNN (Li%.2017) 864 827 87.3  65.1
RetinaNet—SAR (Yang%£.,2021) 84.1 79.9 812  63.6
FCOS-SAR (Yang%£,2022) 88.6 823 89.2  65.7
Cascade R-CNN (Zhang %.2020) 86.7 76.9 85.6  62.7
SwinTransformer (Liu%§,2021)  89.3 852 88.6  65.1
YOLOv8n(Yan%,2023) 86.7 769 856  62.7
YOLOv8m(Yan %,2023) 87.1 764 863  63.8
YOLOvI In(Bakirc %,2024) 87.6 834 87.3  63.4
YOLOv11s(Bakire %,2024) 88.5 85.6 88.1  64.9
Deformable DETR(Zhu%£,2020)  89.2 86.1 89.4 662
RT-DETR(Zhao 2,2024) 89.9 862 90.8  67.0
DCEA(Lin%,2024)  93.0 864 922 675
UCR(Zhang%,2025) 90.1 85.7 90.4 659
M2S-DETR(Guo%,2025) 92.4 86.6 91.9 67.4
VMamba(Liu%:,2024)  90.9 86.8 91.6  67.3
FSM-Net (£30) 935 87.8 93.1 684

T L SRR 25 81 B A2

x5 AEFEZEHRSID HiFE THEEWEREIEIRXTLL
Table 5 Comparison of lightweight metrics across various
methods on the HRSID dataset

Params FLOPs mAP

ik o o© ™ @
Faster R—-CNN 47.53 107.29 34.3 87.3
RetinaNet—-SAR 36.33 52.09 131.3 81.2
YOLOv8&n 3.70 5.67 246 85.6
YOLOvll1s 9.42 15.93 205 88.1
SwinTransformer 38.85 98.24 96.6 88.6
FSM—-Net (2'5‘»1) 8.72 21.35 151 93.1

T L SRR 5 8 R AL 45

TERAR B R AR AR b b, AN S TR AR SCHE
() FSM-Net £ HRSID ¥4 % b LIS 85 (U 8. 72
M IFHEE R 2135 CRYIEOL T, HEFR S L5 T
151 FPS, KulPkS B2 mAP 5 5] 93. 1%,

T L SRR Bl s

1M1 3T Transformer 424 /) SwinTransformer 8 2K
B3 T A% RetinaNet-SAR , YOLO 25 #5575 57 44 1 46
W25 5 (B2 K T AR T Faster R-CNN [ 2 8t
1 FLOPs DL K AH X V% J 04 B 3, M F =2
FSM-Net 7E 11 5 20 % A4 B iR 1 5 A R A3 10
B, XHWRE FSM-Net A F] Faster R-CNN F.70 2
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— S, SCI T G TR R R RS B I A T
Xof i e AL AR A B, FSM-Net 75 45 1 B 4 114 552 B 4
PR R [ s), RDUORS FEAS B T R AR T, S T A
JE SRR SR RO R
2.5 AU EEEST

T B R ULHE JE R FSM-Net 6 I 25 50 31 5 H
by = ARG A AL AT L, AR SO e R T B A
TR M PR AR 2N B AR G R SEE
DA K 3% 5 B 2% 0 1 B DX 3 A 4G 0 45 %, mT AR X
e antE 7 s

T 27 i B T 2 05 w0 I L 2 T A DX I
SEER AT ) 4 FH T B0 N 7 i i b 2% 5L A9 AR AL s
SEA TR A, P2 AR R 2 B IRAHE . M2 T,
FSM-Net 2 S FEAIE T 2 2475 5 F R B, R

Xf el B ARJe e i) B AR Ge ) Shihg et

WA, X6 TR BB A , H L CNIN 83 280 57 B
T R (1) Jay S JB% 2 BT, M L 15 e 0fg 1 5 S 8 ST H A
BRSO, 2% S 250K B AR 4 30k —
M1 570 P RS 1 T Ry 224 43 5 1 JR R i A
FSM-Net 5| A T DSCMamba B3 , 45 50k 3% 17 B K
H AR B2 5 R I A ) B, 63T 22 O HEASE I
1) A st 25 S S e, SRR TR 1% 4 B ) PR A /N L B
558 B P U ot R B T, SRR AR R A 1 TE VA A UK
oy EAEM SRR 5 51 & B bRk 50™ 5 R
FSM-Net 7 [ 3 I 5 I @l A5 AL ) A9 50 B T, 8 5
BT 2 A A [l 7 50 A1) ) v AL 2, % 52 2 B A )N
HARSR I T 5178 1Y) 2 i fig

(a) FCOS-SAR (b) Faster R-CNN

Pl 7 SSDD Zdha 4k ]t AL X e

T - S O HE Ry TE A A I 45 51 | W5 6 HE Sy T A6 205
T OHE R IR AR

Fig. 7 Visual Comparison on SSDD Dataset

Note: Green boxes indicate correct detections,
blue boxes indicate missed detections, and orange
boxes indicate false detections

( (a) FCOS-SAR; (b) Faster R-CNN; (c¢)
YOLOv11n;(d)FSM-Net)

W 8 55— AT 7w , I 7 PR BE A7 ™ o il b
FURBUN T FELRBIR R R AR R H AR X
B BT IR AR o T FSM-Net RIS A 1ER £
T HAR X AR T SR RO
U R VA SEL IR YN R = RUATIEL R PN

(d) FSM-Net

(¢) YOLOvlln

BT GE T

B8 55 AT/ T NG 2= 13 = HE & 450
Sto KIUMNAE AL 52 80 s 60 f B OO O
PE, Bin e R B K HAHER 2, FCOS-SAR L fE
JRi RS B AR SR B A, S BURAE T E AR Rk R
I} T O B A RS T SR W NI S B K 5 Faster
R-CNN W & A4 1 ™ H R EIR &, KimdE iRy 5t
PSR , XTI/ N HAR PR RS A 25 . A
FL 22, FSM-Net i 2 & 57 T 85 SOsl g bt Z 181
KA LR SO, He g ny X 3L 5e i 56 1
AR TUART S 80 45 ST A IS A DG Ry — A
SEREINTE LM . X — TR, SR S AR ORI
HEEWIS, TR T FSM-Net (1 9 28 B84 418

R E PR AT B, FSM-Net 76410 ] 75 5H iR 46
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(a) Ground Truth (b) FCOS-SAR

(c) Faster R-CNN (d) FSM-Net

8 T M PR AR £5 77 P (heatmaps ) X AN RIS RETE 52 29 T 1 7 5t O T DX A T B9 T AR FE o AR SGE i i L,
—LURIZE I BV UE 1 FSM-Net 72 40 56 AH -+ 5 A P05 8 B Hh O R R SR TR R M A% Lo PR 9 T AR BIL AR

((a)Ground truth; (b) FCOS-SAR; (¢)Faster R-CNN; (d)FSM-Net)

% 8  HRSID KHEERFHE 7 PRI AAL ST He

Fig. 8 Visual comparison of feature heatmaps on the HRSID dataset

FE s HARI RS 7 T HAT BB 0. 1 T
TR AR 52 2 SAR 7 5% T 45 1 HE 38 5 T A 1) 22 )
LRARE S AR SRS R AR S T R
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