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Abstract

Synthetic Aperture Radar (SAR) imagery for ship target detection plays an increasingly important
role in civil and military applications. However, ships in SAR images are characterized by dense ar-
rangement, arbitrary orientation, and multi-scale. To address these issues, this paper proposes a
directional ship detection method, YOLOv11-FM, for SAR images with improved YOLOv11. Firstly, a
fast hybrid aggregation network, FMANet, is designed to enhance the feature learning and extrac-
tion capability of the network. Secondly, a bidirectional adaptive feature fusion network BAFFN is

XEFI: WA TR K SAR B 52 MM ARSI Bk D). 515 K, 2025, 14(5): 789-797.
DOI: 10.12677/mo0s.2025.145434


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2025.145434
https://doi.org/10.12677/mos.2025.145434
https://www.hanspub.org/

AR

proposed to realize richer feature interaction and fusion through cross-layer connection. Finally,
the wavelet feature enhancement module WFU is used to improve the up-sampling fusion module
in the neck network and enhance the ship’s detailed information. The experimental results show
that YOLOv11-FM has a good P and APso0 of 94% and 97.6%, respectively, on the RSDD-SAR ship tar-
get detection dataset.
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1. 518

A R FL1E E 15 (Synthetic Aperture Radar, % SAR)&—FlE R MG T IA RS, HOLHEEKARS
HATHRMME, RIEESMRTFFCIE T LAE[L]. T4k, CEHM 7L LT SAR BlR
H A Rt 7R, SRR CHL AR 25055 HAR[2]. o, ARARAS I T R
B ) RO R I S5 TR T AR KA B3] E2, FRAME S MHih o A 7E A, SR B 7R 5 I
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AL TR R E AL AT A5, I HEE ST SAR EUE T MR I . Sun 25 A [8]H2 H —Fl BAT L[]
AIE Fil B ZEAG) AT 7 ) 1 ARSI BT, S FEAS BAE N — AR AT 4328, AR R A AR AN E bR 7 17
(1321 5HHE . Zheng %5 A [914& H—Fh FH T~ SAR B A A AOASIN B0 735, 51N T e M FE Rt &, i
& T IR 5. Wang 55 A[10]132 1 T —F B Be 4%, il 454 2 RS bR S0 G Bl A A
HUORELS RS B IR, DA S ) B A

Zx LRrid, HET SAR BEUEIEM ORI Stk LU TR Z W AR . SR, 7ESEbR B AT A E VT
ZHki. B, TR RN, BT RE A M H AR, AN T
VAN B AR ST RS DR o FE R . XHF/NE AR, 8 BT S BGRB8 OE BLs = B
(205 {5 BT ME DU DB EATT. tedh, ARG A B AR RATAE 2 REEZE R, 1K — 038 1 il
FRIMERE o R, 41t EARFE B Se Bk AR, A SCFE YOLOVIL HEZE[11] () 3Rl Bk AT ok, $2 0 7 —Fh SAR
BIEE A ARAIN /772 YOLOVLL-FM, B 7RSS0 5 A A5 b 22 ROBEAR AR H bR iRt B . EZ 003 T -

1) Wit 7 —FhbuE RS A P 4% (Fast Mixed Aggregation Network, FMANet), £ 5 3= [ 2% (R R4
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2) REH T R E & RRFE A 9 2% (Bi-Directional Adaptive Feature Fusion Network, BAFFN),
P R T S E M RHE SR E .

3) KH/INBAFAE S 3 (Wavelet Feature Upgrade, WFU)FRER[12] Bk 37035 X 4% Hh_E SRR Bl A i, 8
G RS B
2. HRER
2.1. YOLOV11-FM &g

AICLL YOLOVIL BERUANEERY, 75 FFM%% . RRAERLS 25 AN _ERAERL S = AN T k4T 1
O, HAEMWE 1 o, E, ERARLR T ML A SR H ) FMANet A5, DLBE S0 H FRRF
TERHRELAE /7. 255, B XU [ 3E N AE Rl & N 4% SEPL s R E R & S22 H, JRE B il EfgE
HoR A WRU S, T A 08 & AN [ E S ORI S TS B o BeJa s B A Sk AT 7 2R [l 34T 55
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Figure 1. YOLOv11-FM model structure diagram
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Figure 2. Structural diagram of fast mixed aggregation network
2. RIFRAEREMELEE

FMANet 45 1 = Fi R R FBEHORFE BB IR, IG5 1 F M2 fRHE R IEE 7). JE, 1x 155
i £ AV ARl NP IS 159 T o T DU ST (E 10 15 Ve i e ER 1 RO 11 1 N R (S I
RO AR AL AL BR AR FE W] 73 16 B (DS Conv) R bR 5 AR 0 IR FE B ARAIZ iR . TR BE G AR B 40
NIBEIE P BT A RIER, SRIG I8 R IR A A A th R AT I (R 2R ML . XM T RERS
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X, = DSConv(Conv, (X))
X4, X, = Split (X, ) M
X, = PConvNeck, (X,)+ X,
X = PConvNeck, (X5 )+ X
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Figure 3. Structural diagram of partial convolution
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Figure 4. Structural diagram of bi-directional adaptive feature fusion network
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K SAR BB TETML )G, ARG R IRBRAIE . B R BRI 5 = 1 23 0] (5 A
JRFRRFAE o TR 2 R AL & 8 1015 B R, (AR R E . IR ERE B 0
B E RN FAR T 5 (02 (645, HLREERAE B 0 MR B, D RUE AARIAFIE 2 1B B2k, ™
SN SAR M ARAS I ) e 4 ROR o BEXFIZIR L, ASCHR T — Rk 38 Nl £ (Adaptive Fusion, AF) L5
[ASTHIX I F & SARFAE R A 9 2% (BAFFN), HLE5 RN &] 4 P o Gl B 2 12 1) 07 3 Qs B B v 2031 A RFAE
R, SR EANTZ RS B, MR w20 22 ROBE A AR RS 1 B

BTG AR AR R B S O RN AN RFIE 2 BB, 285 MR A X S CE X R EAT IBGR A,
R ARG R RAE . BARRUL, B A BN AT AR 7R A (bs, C, H, W), SAJEIEIEER . HFHEM
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H W
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Figure 5. Structural diagram of wavelet feature upgrade
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SGD AL Z$ AT LR, HIUG2A %N 0.01, shiEN 0.937, IIZRERRECH 300 Wk, #HitE KA 32,
3.2. HiEE

AT VST RS, A SO A TF SAR EHUE A ARFS I £ 4 45 RSDD-SAR [16]1F ~seit#ida e .
RSDD-SAR #5544 7000 5K 70 #8% Ry 512 x 512 %, HILA 10,263 AR . ZEdEEERE T
SR, AREEL. PUSEEMBI5EE. JIZGE. BIEEMMRERZ R 7:1:2 MLl 5 .

3.3. VHEIEAR
N T TG PG TR VA PR RS, FRATR ARS8 2R (P)« A [71 3R (R) AT #4345 & (Average Precision, AP)

VE VG HE PR o
TP
P = Toirp ©
P
RPN ©
AP = [P(R)dR @

Horr, TP 2 IEMTINA IEREA, FPOZHHRTIINA IEREA, FN ZEHRTIN M FFEA, P (R NHER% - H
[l R i 28

RIEASE ) 10U BIME, ~FEIRE AT L2 A APso M1 APspes. 24 loU BB ¥ & M 0.5 Itf, (7)iH 5153
(45 RN APso. 414 10U 7£ 0.5 A1 0.95 2 [8] LA 0.05 {25 K& i i, MIFRTS i+ AME - FIIE N APso.os.

4. SCIRLER D
4.1. jHRRSCIE

SUSE & T SO H A R, FRATT7E RSDD-SAR BUEAE F 4T TIYEhaiG ., B 1 Seihst diny
W, SISO a7k B B M R 3R FF. YOLOVIL-FM 5 YOLOV11 BERUAR LY, APso fl APsgs
S FEE T 0.5%F 0.9%. [k, FrHe A s b S A R, S8 5E T ARSI AN AN H BRI RE .

Table 1. Impact of different improvement sections on detection performance
2 1. P EISGHER 7 A BRI 20

Rk FMANet BAFFN WFU P R APso APso.95
YOLOv11 0.933 0.928 0.971 0.743
(a) v 0.937 0.934 0.973 0.747

(b) v 0.938 0.933 0.975 0.750

() v 0.935 0.931 0.972 0.745
YOLOV11-FM v v v 0.940 0.936 0.976 0.752

4.2. FEELSCIE

NATHTFE YOLOVL1-FM 7 SAR FEMGARAARE AT 55 g vERE, 5 Hofth — 2622 # H ke il 50k
HEATHTEL . % 2 441 T YOLOVI1-FM 5 HoAth H ARG 575 4E RSDD-SAR #dis 4 b Al 45 $[17]. v LA
B, AT HAL BRI, YOLOVIL-FM FUHERRRIEE T 3%~21.4%, HHHRIEE T 2%~21.3%,
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APso $5 T 9.2%~30.9%. iXEE4E R A THE 1 YOLOVIL-FM 7S . 73 [81 5 A1 APso B4 T HoAth
B, [REEARRE T AN IE R ISR

Table 2. Comparison of YOLOv11-FM model with other models
% 2. YOLOV11-FM 128! 5 H iR R 5t LE

RS P R APso Params (M)
R-Faster R-CNN 0.850 0.877 0.833 4141
R-RetinaNet 0.726 0.723 0.667 32.44
R3Det 0.865 0.884 0.809 41.81
S2ANet 0.910 0.916 0.879 36.45
ReDet 0.901 0.902 0.884 31.57
YOLOvV11-FM 0.940 0.936 0.976 38.81
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Figure 6. Detection effect diagram of YOLOvV11-FM
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J1. BAFFN i i 2 12 107 s B B v 200 AR Rl 5, A Bl TRl 22 ROBERGAA H AR . WFU g
BESG SRR R AR (5 S, SR THR AL AT RS FE . SR 45 SRR W], YOLOVLL-FM It - HoAth B brar il 5
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