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FHEARRE, JF& S HBBshREILRINZ M 2% . R
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&k, AR IR0 2 1 45 40 22 3 8058 5 ) O
BlanmEAt . A=A SRR B M. X L
SRALS 2 P BUR S T AE A R R A 55 05 TR
WX AT I S . R g AR, RIEJTEH
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S E BE ML AN A A v

I IR B FLARE AT AR A s R T Ay
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THITE A 2 R AR R B T EISAR HARAE —1H
W JE AT BE BRI MR S M RAE,  DAIE —ERR R b
I BAE 5 B SEE AR A S R OB S H R AIE
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P 2 AN[E 7 oA B A T I R 28R

3.3 FHEhITHER

AR SE A TE T AH TS 2 B s 45 Bk AT
k. IXPPR 15 X 48 BERE Ly T4 2] HARIIJL
A5 BR5 S5 M R AR SR AT 7 I BT . 9 T B ORI 2%
TE Y A0 HE 3B B A AN B B A B — 3K
P, RSO ML SES AR G Rk ik X Ik 1%
HPAT T — i p) AT SR, BAAT
T (R U HRIE N T RS TR 3 R 4%
Z AT, R SCHR[14) R B 1) g5 vE S AT Bk
AER . Z 5 B A RO L B A R R K
& 53 AR FISAREG B p 3 B H A 19 B 45 M4
P, GEIT IR ERE, R BB AREARTE LSS
S HANZEAE R FE T R — Sk
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()2 A 30 % ] T ResNet-181F A4 AE$2 B 3 F M
# . EFEResNet- 181 JF K 1E T~ H AR G 2 1 )2 51
MRS HCE, RERSTERUE 2 W RFIE SR ELRE 7111
[FIE, FEARTHE IS . 28I Zhad 7% o B fd i i e
YIkA T LR RMEREYEE. FHEERS
A AR ARG HAT ISR, BERSLERIZE 5 N oeiE
SAREGH 114 Wﬁu fEi 4k 7 P2 2 SIS o

b%?ﬁ SERE IR R UE LN
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A
p@iﬂ > Len (Cn(wm)’chny)> (11)

" (zy)
Hor Loy A TOURR s Loy NI, 3R

_|_

TARZE A, enSen' 4y i Rk FUE 5 & &
iﬁﬁﬁﬁﬁﬁCenter ness, Ny fARIEFAEH,
rbox( ) syn ’ 43 ) R T A 1) R T HE 5 A BB
ﬁﬁfﬁ%ﬁﬂz/ﬂ: ;ﬁ%iﬁﬁﬁﬁh =15 =1,

RERIA AR s 7 2 Sl E s oo 55 s A AR R
HUH bR IATAR 7K T AE 2 B DA s 77 ad TR T
U H bR e M BRI S RS S, 7 21X
PN BB 45 AT A SR G, DA AR Rl 4 B RS 1
HIRIAFHE. A W) H brid FHELE 546 SAR@\iﬁ
F T HIZEL (Tobbs Yobbs Wobbs Robhs obny) 18I 2 (12) 1)

A EHE
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TSR TR IS A B IR BN IS AR AR A )
Fr ) 5 32 A R, ASHIE AU AR L 5 A Rl HE A R I 2K
e BtAT 7SR5, RARGFEHRSIDAMSSDD 4k
o TERFTE ST, UIZRM BN K FAERRES
BAEAS0 B AW, mEE £ 1A MHEAREE
AT B BEAE FH o

HRSID# #5415 — AN H T 2 FE R SAR K
G ARSI . 175 S B FN S 4 EIAT 55 O BE 45
AR A5 604K = HERSARKEME, W
0.5 m, 1 m, 3 mf4r#%. HH, HV, VVAIVH 4Fh
WAL 7, BFEA 16 951 RAASEE], BEASSBI#D
AL T ACPRIIAE . A A A S48 o A
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PRSI 25 T e v A A B 4 . B AR R B A
1 1605k AN HF R KISARKME, B 8
RadarSat-2, TerraSAR-XflISentinel- 115 /#&%%%, HH,
HV, VVHIVH 4Ft 77X, HLaFEH2 45610
AAsfg], REASSLBERSR AR I . A R IAE . S
Sy FHERE .

4.2 SLIYATS

AT SEIRfE H Pytorch#E48, 7E—4>
2.1 GHz Intel Xeon Silver 8352V CPU fl—/~24 GB
Nvidia GeForce RTX 4090 GPU. X} T4 %
£, RS A IF LLRE 0. 5 (7 25 HE i 2R 3k
AT VAl o X T HRSTD 04 48 17 15 W 4% 1) B2 R A R
~FN800x 80014 % . SSDDHHE 4 11 H SR FE R ~F Ny
256 % 2561% %

B 771248 TF IR FIMMRotate E 2207 sz,
A FK FH LAResNet-50 ABackbone 1Y OLOXU/E Ky
05 9 288 FH SR IR BOKSFHED) Fr 333047 5 2k i) — B ik
B . FIR M 25 9)I127500epoch. AT A SEIRA AL
BB KXKHAdamWLIL 3, SHKEL =09,
B =0.999, Ir = 5e—5, BEFEIHN0.05. FJb, A
WK FHResNet-18 Backbone i 7 [a] T -7 P 2% S
SREUS —AE T A (1 FEAE
4.3 LWEREZEEDH
4.3.1 XJEEIIE

N T BGAIE BT 3R 7 VAR B AR R AT S5 A RR
P, A CAESSDDATHRSID b 47 7 K& 1S5,

sofi

H2Rbox-v2

Wholly-WOOD

ATk

I 5 A 1 58 4 B 732 A0 H A AN AR A~ AL B
(R JTVEBEAT T X EG o SIRB6 (0 VAL 18 A 9“1 0 0KS 2
(Average Precision, AP50)F1H 7] % (Recall, R)
DA T VARG 25 D7 VA I Rl o 300 HR A M R ) BV
f: R-RetinaNet!', GWD (Gaussian Wasserstein
Distance)!”, S2ANet (Single-Shot Alignment Net-
work)®| R-Faster-RCNNF, Rol Transformer (Region
of Interests Transformer)?!. 32 I AR K ~FHE
B REEA: H2Rbox-v2 (Horizontal Bounding
Boxes to Rotate Bounding Boxes)!"l, Wholly-
WOOD (Wholly Weakly supervised Oriented Object
Detector)®, @it 55187 E M LI, ] DL &
AR SCTTVEAE BEARKR I A N B e ik 2 B M RE K F-
WIS 552K EM L, AT DA UE AR ST R4
X fiff R 2R 5 T FL A [R] 6 B 9 S PR
SIS L gh SRnT TSI BV R R T AR S vk S
L ASCHAS K 1 HE 158 14 77 95 AE HR STD 44 46 E 11
AR A SRR . o, SB18) P SR R ARER
BB A TEAE AR, 282~ 351 b G (A JE TEARSR
DR 28 TE A IO Y E b, 2L R T ARGR I 48 (1) 1
FEHRSIDHHEAE I, ASTTIREAPS0IX — 1%
fefebr _LAE T R-RetinaNet, S2ANet, Rol Trans-
former®& A X LA B J7k . R, A7
FEA BRIy a2 s T A Xt ik, SAR
BT AKPFRERRE ) FIEM L, ASCTTEEAPSO L
P 72.8%, EAEZE FRI 76.9%. FERELITR.

P 3 ANIR) 5 RS T R 45 R0 B
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TESSDD#HE 4 b, ARSI J7 VA [RIRE I H 4
BRI TES T 5 HARTET AKCFHEAR I B BVEAH L,
AP50ETF 172.1%(89.4% vs. 87.3%), A [HRFET
15.9%(95.6% vs. 89.7%). VERF2HTR,

AT G SR W] IS 2, AT EAE IRt
VRSB0 W= RS AL S v b2y = 7S B R TS
(1) S 1B B K P HE ) 2 U R it e B o7 =0,
BB A ZOR AN B xR (2) 520 B 7 a5 B
BT BEARSE, RetsHEmi i/ A T7
FfEE, B RCRR R, B, ACOOrREH
EESNINNTE 2 Pig LN el ey "B S Sl ek
P AT B
4.3.2 A[EIHHXT 554 MEE LI AE FE AU R2 0

FEARSZIG Y, PRUF T ooy SR 48 (R4S FE X f5
B W 28 S 2R IR BE R s . BART S, Al 5%
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A Morphology-guided Decoupled Framework for
Oriented SAR Ship Detection

WANG Zeyu

WANG Qingsong

(School of Electronics and Communication Engineering, Sun Yat-sen University, Shenzhen 518107, China)

Abstract:
Objective

Synthetic Aperture Radar (SAR) is an indispensable remote sensing technology; however, accurate

ship detection in SAR imagery remains challenging. Most deep learning-based detection approaches rely on
Horizontal Bounding Box (HBB) annotations, which do not provide sufficient geometric information to estimate
ship orientation and scale. Although Oriented Bounding Box (OBB) annotation contains such information,
reliable OBB labeling for SAR imagery is costly and frequently inaccurate because of speckle noise and
geometric distortions intrinsic to SAR imaging. Weakly supervised object detection provides a potential
alternative, yet approaches designed for optical imagery exhibit limited generalization capability in the SAR
domain. To address these limitations, a simulation-driven decoupled framework is proposed. The objective is to
enable standard HBB-based detectors to produce accurate OBB predictions without structural modification by
training a dedicated orientation estimation module using a fully supervised synthetic dataset that captures
essential SAR ship morphology.

Methods
localization and fine-grained orientation estimation (Fig. 1). First, an axis-aligned localization module based on
a standard HBB detector, such as YOLOX, is trained using available HBB annotations to identify candidate

The proposed framework decomposes oriented ship detection into two sequential sub-tasks: coarse
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regions of interest. This stage exploits the high-recall capability of mature detection networks and outputs
image patches that potentially contain ship targets. Second, to learn orientation information without real OBB
annotations, a large-scale morphological simulation dataset composed of binary images is constructed. The
dataset generation begins with simple binary rectangles of randomized aspect ratios and known ground-truth
orientations. To approximate the appearance of binarized SAR ship targets, morphological operations, including
edge-level and region-level erosion and dilation, are applied to introduce boundary ambiguity. Structured strong
scattering cross noise is further injected to simulate SAR-specific artifacts. This process yields a synthetic
dataset with precise orientation labels. Third, an orientation estimation module based on a lightweight ResNet-
18 architecture is trained exclusively on the synthetic dataset. This module predicts object orientation and
refines aspect ratio using only shape and contour information. During inference, candidate patches produced by
the localization module are binarized and processed by the orientation estimation module. Final OBBs are
generated by fusing the spatial coordinates derived from the initial HBBs with the predicted orientation and
refined dimensions.

Results and Discussions The proposed method is evaluated on two public SAR ship detection benchmarks,
HRSID and SSDD. Training is conducted using only HBB annotations, whereas performance is assessed against
ground-truth OBBs using Average Precision at 0.5 intersection over union (AP50) and Recall (R). The method
demonstrates superior performance relative to existing weakly supervised approaches and remains competitive
with fully supervised methods (Table 1 and Table 2). On the HRSID dataset, an AP50 of 84.3% and a recall of
91.9% are achieved. These results exceed those of weakly supervised methods such as H2Rbox-v2 (56.2% AP50)
and the approach reported by Yue et al.l'l (81.5% AP50), and also outperform several fully supervised
detectors, such as R-RetinaNet (72.7% AP50) and S2ANet (80.8% AP50). A similar advantage is observed on
the SSDD dataset, where an AP50 of 89.4% is obtained, representing a significant improvement over the best
reported weakly supervised result of 87.3%. Qualitative inspection of detection outputs supports these
quantitative results (Fig. 3). The proposed method shows a lower missed-detection rate, particularly for small
and densely clustered ships, relative to other weakly supervised approaches. This robustness is attributed to the
high-recall property of the first-stage localization network combined with reliable orientation cues learned from
the morphological dataset. To examine key methodological aspects, additional experiments are conducted.
Analysis of the domain gap between synthetic and real data using UMAP-based visualization of high-
dimensional features (Fig. 5) reveals substantial overlap and similar manifold structures across domains,
indicating strong morphological consistency. An ablation study of the morphological components (Fig. 4)
further shows that each simulation element contributes incrementally to performance improvement, supporting
the design of the high-fidelity simulation process.

Conclusions A morphology-guided decoupled framework for oriented ship detection in SAR imagery is
presented. By separating localization and orientation estimation, standard HBB-based detectors are enabled to
perform accurate oriented detection without retraining. The central contribution is a fully supervised
morphological simulation dataset that allows a dedicated module to learn robust orientation features from
structural contours, thereby mitigating the annotation challenges associated with real SAR data. Experimental
results demonstrate that the proposed approach substantially outperforms existing HBB-supervised methods
and remains competitive with fully supervised alternatives. The plug-and-play design highlights its practical
applicability.

Key words: Oriented objective detection; Morphological simulation; Simulation-driven learning; Decoupled

detection
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