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Abstract: Remote-sensing images had low instance-segmentation accuracy due to complex backgrounds,
dense targets, and scale gaps. A new segmentation algorithm for global perception and multi-scale en-
hancement was proposed. A Local-Global Perception Mixer was designed with two parallel pathways.
The spatial branch captured target edges via multi-scale deformable convolutions. The frequency branch
used Fourier transform to decouple global frequency. These boosted feature discrimination in occluded,
complex scenes. Mixed Convolutional Self-Attention was introduced. It retained local geometric-feature
accuracy. It also improved multi-scale segmentation robustness. A Structure-Enhanced State-Space mod-
ule was adopted. It aggregated spatial information multi-dimensionally. It enhanced small-target segmenta-
tion accuracy. An Exponential Moving-Average Sliding Loss was proposed. It dynamically adjusted sam-

ple weights via a sliding mechanism. This mitigated optimization bias from class imbalance. Experiments
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are conducted on ISAID and NWPU VHR-10 datasets. Its APso hits 65.2% on ISAID and 68.3% on

NWPU VHR-10. It balances accuracy and model parameters well. It outperforms many state-of-the-art al-

gorithms.

Key words: remote sensing image; instance segmentation; state-space model; multi-scale features; spa-

tial-frequency domain feature fusion
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800X 800 K /NI F I, 4% 8 7 500 3K YNl 2k 4
BI% 1653 5k 56 Uk 4 PR A0 1 315 gk i 46 ]
% IAH 154 HARZEH] .

NWPU VHR-10" % 4i 4 /& th 75 48 Tl K
2T 2014 4F B # . i BOHE 4R A F N Google
Earth F1 Vaihingen $2& B4 800 1 1= 43 B £ 4 (A F1
EE A INEE

AR SR Y I 25 6 55 B R - Ubuntu22. 04,
GPU 4 NVIDIA GeForce RTX 4090(24 GB) ,
CPU & 16 vCPU Intel (R) Xeon (R) Platinum
8481C, Python R 4% 24 3.10, Pytorch It 4~ &
2.1.2, CUDA A g 11.8, 52 55 ¥ ll 2k 300 4>
epoch, it it K/ E 32, IR R T IR 640, 91 16
S ARBE N 0. 01, Bt 2 0. 937, il FH A H sk
9 0.000 5 By BEHLER T FEALIE 4 SGD .

4.2 B

g TR AR SCAR R AR T AR ER
R W ) A v R HTHE R 22 (Precision, P), 4 [A]
% (Recall, R), ¥ & 18 5 % (Giga Floating-point
Operations Per Second, GFLOPs) , i H #5328
S S Y K5 B Y9 {E (mean Average Precision,
mAP) , %55 b5 R Ml s B A MERE . MERR R H A
2 mAP AR

TP

Precision—=————"—, (21)
(FP+TP)
TP
Recall = ————, (22)
(FEN+TP)

1
AP :J Precision( Recall )dRecall, (23)

0

Horp e TP AR 2 IE A A0 2 49 B bR AN FP AR R
i 2 H bR AR EE E8f B AR 0S80 FN AR B AR
T 465 4 - 5
4.3 ZWHEREHW
4.3.1 LGPM Block # 3 7 2t 2 4t

N 58 LGPM Block 25 8] 8% 43 37 1 45 58 4
A [ OB ME BE ) BT R, AE ISATD B 4R
Yolov8n-seg by & £k #5518 73 Ji| PF Ak DA I 43 32, 45
B LR

x1 THANSZHMKRE

Tab.1 Spatial-frequency dual-branch ablation experiment

Model Params/M AP,, AP, AP, AP, FPS

Lk 3.26 61.4 42.8 45.9 50.5 104
+S 3.62 62.5 43.5 47.1 51.2 97
+F 3.58 62.1 42.6 46.8 51.8 105

+S+F 3.93 63.6 44.2 48.5 52.3 112

mh 26 TR OBOHE TR, AE S R A 23 6] 43 1Y
LGPM Block, 2§ fi 5 HE 2 A5 A 3 fin 0. 36 M,
APy, AP, AP, 4y il #& 1.1%,0.7%, 1. 2%
e P 6 v il A 23 (] 43 52 Al A 808 4 Jk R4
/INE BRI R R G AN AR AP ALEE R 0. 7% , %
B4 Jmy o SRR 2 o 7E F 32w W AUH I 43
X LGPM Block, Z % % 2 3. 58M, AP, 4& 5
1.3% , BB 38 Lo i B v A5 o ) o 4 Jm A0 46 OC I LA
s ALK H FRERAE (B AP 0. 2%, 18 6 v R
AN H BRI G AR T R 25 T, LR S 4 4R
fie IAELE R IR o 58 38 B4 32 LGPM Block #5 3
4RI AP, AP,, AP,,, AP, 5 Wl #£ & 2. 2%,
1.4%,2.6%,1.8% , Z 8 & (U3 0. 67 M, #i 21
BB TE 700, 7040 UE BH A e Ry 38 B R 2 R
JE H AR AR R AL 8 0 S

(a) 2% (b) +S (c) +F

(a) Baseline
K6 2 B o3 32 1 il o g 24 1

Fig. 6 Spatial-frequency dual-branch ablation experiment

(d) +S+F

heatmap
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AN, MRS LGPM Block £5 B 75 3 Ji 4] 15
SEAF) 43 EAT 55 v B A R L AE TISATD B4 4 T
— 2 WU P AR A B B X FE S5 . Tk 2 TR 4 )
A 22 ROBE WU 7 % 57 08 0% 2% MDAF ™ 37 5t il
A TE R S SCA™ B BB H b i 1 5 A B
SSEM "™ Fl A 3C A Jay B -4 ey TR A 2% LGPM
Block,

IS B0 B4 0T DA Y AS [ SO R AF 1 3 A
Yoo R AR 2 RO B bR o BIERE LA 7E 0 3
%5 . Ht LGPM Block 7£ AP, AP, AP,,,
AP, K FPSHabr L ¥R ML 5 o A FIL LA
%, LGPM Block £ AP, FRTF T 2.2% , AP, {2
F T 1.4%, AP, $& A T 2.6%, AP, $& F T
1.8% , A A T AL AL 4 RO /- BIRE % . 1Ib
#h , LGPM Block 7£ 2 i it J7 X 3% 5 42 38
0.67 M, - 4F T BEAR 14 08 U514 AE K - 5 1 4 3 5
FE4E T8 FPS(i/®b) , 35 5] 112 FPS, X F# B
LGPM Block 7E {47 5% U5 15 #8& 7 4% 0 [6] 0], J 2
PETE TR S EI P RE o X A 3 R AR
P, LGPM Block & L 4 T /& iy 4> ROEE K B2 AT
P i B AR . X s g R ] T LGPM Block
WA RO B AR 3R T4 FORS B 0 [ B O Ak T 4 2
O R R 2 RO B bR o #UE 55 4L T —

AR BT

R2 BREHERIELEER
Tab.2 Comparative experimental results of various dual-

domain modules

Model AP, AP, AP, AP, FPS
Bk 61.4 42.8 45.9 50.5 104

+ MDAF'™ 61.1 42.6 46.2 50.2 97
+SCA™ 61.0 43.1 45.6 49.8 101

+ SSEM™ 61.2 42.5 45.7 50.7 100
+LGPM Block  63.6 44.2 48.5 52.3 112

4.3.2 REEE S AUH 6 3k 5 gk

5 B AE MCS-Attention 5 5 1% 52 s %% fig , 76
ISATD 4 4 D) JE £ 455 70 S fily | JF Jo % b 52 56,
A3 A k22 RO 1 B EMARY A 3 R 40
B GE T O AFGY & R S AL
GAM Rl i -7 [a) 7 8 7 CBAM™ . Horp 4
% 3BPE TR, MCS-Attention #5E B & 3 H1 42 &
b 4 RUBENS B2 et Pk B 4R T W 3 i A0 A 3

5H AR S AU AR e, S R 5 SR A o
450, ¥ 0N 3.26 M, T EMA, GAM 45 i
B[R 2 B0 O S B SOR IR s R, H AP,
TEFRIk 62. 7%, B EL LT 1.3%0 , ML & &
F EMA,AFG,CBAM, 1 F 12 At 4k 5 v fig fa
JEM GAM. T4 73 ROEF8H5 |-, MCS-Attention
0 AP, AP, , AP, ¥y i 4 Xt A He b 1) f &
{8, R HAE T BRI K H b & R, 5
Sy BUE T HAEREAE O Ak b i A A

x3 AEEENVEILE KRG

Tab.3 Comparison of different attention mechanisms

Model Params/M AP, AP, AP, AP,
gk 3.26 61.4 42.8 45.9 50.5
+EMA" 12.1 61.2 40.4 47.0 50.1
+AFG"™ 3.78 62.1 43.3 44.4 49.7
+GAM™! 4.62 62.4 42.6 47.8 50.0
+CBAM™ 3.26 61.7 42.2 45.1 51.7
+MCS-Attention 3. 26 62.7 43.6 48.2 52.1

F7r#M RS £ 3 RN, HE TR
LR B A | [ MCS-Attention b 1 1 2 S H 2 A
Jii 4 T BOB AP BEAS W] AR B R I .

(a) HE%

(a) Baseline

(d) GAM
E 7 AR S I HLE] A X L A

Fig.7 Comparison heatmap of different attention mecha-

(e) CBAM (f) MCS-Attention

nisms

4.3.3 #k FF LB
J K EMASlideloss i 52 J A #, f H 5
& 45 25 ¥4 i 351 2 (Weighted BCE Loss) M 2 #L
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FEAS AL A i1 2 (Focal Loss) #4728 B X . 451
# W], EMASlideLoss £ APy, AP,, AP, & b5 I
BIO0 T PR L 48 07 vk U AR /N B bR o) EoRS
PTF1.5% %8 Focal Loss #£F+ 0. 9%, #H# F 1%
g 07 3k R 8 ACE B OE s iR

EMASlideLoss i iz i 57 & 111 3 2 A 48 80k
B - 2598 ¥ 11 XU AL L R ST I G 3 R R B
AR B N 3 A AR A AR Y SRR 5 5
SRR T, O R A5 b 2 i 28 S AN S A A O 1 £
b 2

R4 MERAYNEIHER

Tab.4 Comparative experimental results of various dual-domain modules

Model Params/M APy, AP, AP, AP,

Ergsy 3.26 61.4 42.8 45.9 50. 5

+ Weighted BCE Loss™” 3.26 62.1 43.5 46.8 51.0
~+Focal Loss"™ 3.26 62.5 44.1 47.2 51.3
+EMASlideLoss 3.26 63.0 45.0 48.0 51.5

4.3.4 HEkEk

o 56 GIE A SC U A B0 R A 3 R R R S ) S
E| v Rl AR 7 ISATD iR 4 BT TS
T B LAY (1 T AL RS G, T ASVT A 45 A

e tepeg a5 o SCIES R LS, Hrp,1,2,3/
4 53 5 3 o8 AE R 2B A R i A LGPM
Block, MCS-Attention, SESS fl EMASIlideLoss
AR B AR AL

x5 HEMXEER

Tab.5 Ablation experience

Model Params/M AP, AP, AP, AP, FPS

p 224 3.26 61.4 42.8 45.9 50.5 104

+1 3.93 63.6 43.4 49.0 51.6 112

+3 3.58 62.8 47.5 48.2 51.1 98
+2+3 4.57 64.7 46. 1 50.5 52.8 116
+2+4 4.01 62.0 44.6 47.2 51.1 109
+44+3+2+1 4.71 65.2 47.3 51.8 53.4 121

BT 3 5 I B | HE LR B R AR 51 ok iE
it 5, e R P A S5 1 43 R e 2 PR B 3 4R U
o M g5 R R W] 5] A LGPM Block
BT A5 R 4 A R R AR A BCBE T, R fE AP,
AP, AP, . AP 46 F5 53 Wl #& F+ 2.2%,0.6 %,
3.1% 110, HEHE B BE A 104 FPS 42+ 2 112
FPS, 76 5k Ak B br 4 Jy 1 SCFRAF 0 [F i 3 a3 55
BRAY S A L AR B AR T ALK O R SR RRAE
b PR AT SR S D R MCS-AE
tention 1 SESS B J5 , AV AE 2 R H b 43 1
125 i 2 B0 i 2 4k, AP, AP, AP, & AP,
4y BT 0.6%,3.3%,1.3% il 2.3% , MCS-
Attention 45 & % FLHRAF (1 Jm F FR AF $2 HLAE 1 5
FEE R I HLE ) - S Se R iR L T2

ROBE H AR 43 RS B, Bl 5] A SESS L, A5
XF /N B bR R 43 ) RE S S B B PR R T AP, A
R 42. 8% HRTFE 47. 5%, LA B AE SESS #ikk
T o DO JE A 3 R A A A TR A A TR A A
PR TR A RN H AR R S G A e H AR
FRAF B 52 2% 15 SR T, 4 B TR L RF 98 FPS; Y
A IO I O s £ R FH B R AL 25 1 B A
BN A, AP, AP, , AP, X AP, 5 5l iK% 65. 2%,
47.3%,51.8% F153.4% , 45 RUEE AP 35 b 35 52
PR ER T, WIS R UE T 2 8 B4 10 3R m
TE 5 F i i b s T X R T S 43 FDORS BE A AL
P REBIZAE /N B AR R 5 22 RO RRAE Al 5 T
Ry

TR 8 JT 7 1) 52 451) 43 FI AR Ty R 45 R R L B
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Fig. 8 Ablation experience heatmap

(d) +2+3 (e) +2+4
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M5 A SESS B /N B A5 X 4 T &0 Al
G B o H AR FCEE O S AR T LU
DO 6 A R M A 5 AR T UM B AR T A
i AL T/ H AR FRAE 4 4 . MCS-Attention 5
SESS Wplalasf, BEA B /N H bR o 06 S, LRB R
0T B DX I DX 3l G ST il S B0 5
i 2 . LGPM Block it 12 25 8] 531 % XUl fit 5,
FAH G P T . X SR A R R
T 328 3% IR 52401 43 0 3 S o, A SO AR A i) 44

7 P 2T (5 e o IX 8k X S8 B S AN b H B R R
BERERA A A ey Bin 552
ZE SR X —FRIE S 4 BIE T AR SC ek i
AL AU A 3o SRR AT T R AE i AT A O T LA A R
PERER I .
4.3.5 fEISAID 2 % % o9 F bk 52 3

Shy B E Bk A 1 S A0 F R g A ST TR
ISATD %4 4 b 5 32 9 52 491 43 310 53006 F e X 1
SEE . AR 6 PR A SCEEXT YOLOvVS #5544 (1)
S Ay PR RE LI T AL ERCR)E W, K
S 5T s S U T AR Sk e T
PR fi 2 T3 B0 0% K R A0 A 5 (R I 3K 79 5t
1 tr B F K T Mask R-CNN % %1 , HTC,
YOLACT & H At 356k, & iR s e
TEKG 200, 1253 % AP % T Box2MaskC Fl
SOLO X ek, 4 5 52 80 14. 6 % Fi1 20. 3% 1)
P& Tb s BAE 2 ROBE B bR 3 BT 55 vh & B4 4, 78
AP, AP, F AP, 1 53 FIKE BE 43 53135 31 47. 3%,
51.8% F153.4% ., 417 w5 1% B E R Hh A [ R
FE b 0 4 BT oR o 25 b AR SO 4R B AL R A AE
SRR IR B B A R R, SR 5T
A9 2% P i B S AIC T S O TR 2R R 5 e A R DR
JE 5 A5 A B ASE 1) S5 30 B A 1) 1, AT R S T AR
1 2k ity U A5 1) S BRR

F6 TREEETLE ISAID HiFE LML ZHER

Tab.6 Comparative experimental results of different models on ISAID dataset
Model Params/M GFLOPs AP, AP, AP, AP,
Box2MaskC"" — — 50. 6 10.6 10.6 47.4
YOLACT™ 34.83 28.5 43.3 8.4 31.8 40. 4
SOLO™ — — 44.9 24.2 7.9 32.7
Ref, 43.83 32.1 54.5 15.5 37.8 42.0
HTC™ 79.76 41.3 60. 2 43.5 44.6 53.5
MaskR-CNN™ 43.82 35.6 57.4 20.5 43.2 50. 3
MaskScoring R-CNN" 60.09 38.7 57.7 20. 8 44.3 51.5
ISDNet — 22.8 62.1 46.1 50. 9 19.8
YOLOv8n™ 3.26 8.1 61.4 45.8 48.9 50.5
SFE-YOLO™" 7.12 9.8 43.5 38.8 21.2 43.1
PANet*” 6.88 16.5 53.1 40. 3 24.9 22.8
SPSIS™ 5. 36 23.2 25.3 39. 2 32.8 34.7
MFE-Net"*”! 9.26 15. 51.4 35.8 47.9 40.5
AL 4.71 9.5 65.2 47.3 50. 8 53.4
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Fig.9 Comparison of instance segmentation visualization results
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HFAT 55 b i S M A BF 98 E NWPU VHR-10
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R W OR M BRI YOLACT , Mask R-
CNN J R-CNN %5 57 R T 471k £2 SO , oK BE

WU T Z2 RO H AR RRAE LA 1) B, 7 2 2R 3% 1
N B SE o FORS AR T A R o 285 PR H
S50 R, AR SR B A IR AR S B S
3B SR PR AR S o RS BE Y S 4R Tl e 2
Bt FPEAL A 0 A 5 R i I T IR R
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®7 AEMEEZE NWPU VHR-10 ##E & FHY L L0 R
Tab.7 Comparative experimental results of different models on NWPU VHR-10 dataset

Model AP;, AP, AP, AP,
YOLACT™ 45.2 18.9 44.0 63.1
MaskR-CNN'* 54.9 33.7 49.0 51.6
MaskScoring R-CNN'" 57.0 46.7 56.9 55.8
HRNetV2p-W 32" 65. 1 49.5 64.7 69.8
Ref, " 67.8 67.7 69.1 58.9
SFE-YOLO"" 43.5 46.8 51.2 43.1
PANet™*” 61.8 44.5 59.7 61.5
SPSIS™ 55.3 49.2 43.8 54.7
MFE-Net*"! 63.1 47.3 60.9 62.8
A% 3C 68.3 50.7 68.1 64.2

5 % B I35 5V ATREE a7 X 1 sh 45 2% oR 8L, 3 3 I

xS PR S 1) 3 B P 9 A2 2 AR R AE S
22 N3 PIE b A, A SCHR Y DY et < 4 it SRy v —
4 Jr ECRTR A 2 38 2o s [ 3 22 R A AL 0 R
S e L ok S G ) 03 SR 2 A o L 2 A S B
W R ARAE 1Y) 22 S A AL, 38 7 R B 1 3 R A O
SCRERE ) s ot e B M A R B, LIS M
5 HER NI A R iR kS S 2 |
N SCHEAE 3 5 Sl AN O U 5k 22 R W Y
PR SR A5 B 1 45 R 00 it bR A 2 e A, M) 22
A AL o) 39 58 X LR /N AR 09 4 A A AR fiE
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