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Fig. 1 Overview of data collection, geographical distribution, and annotation process.The Google Earth images are sourced from

North America, Europe, and Asia, covering 18, 4, and 14 ports, respectively. These images are then categorized into harbor and sea

scenes for detailed annotation.
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@ﬁ*ﬂ’lﬁ%%uﬁﬁﬁ oS HL I, WEl 6 HER S TR,
(a) FIs. TELE “satelhte view of a coastal with @ ?\@7%
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Table 2 Keywords in textual prompt

< (\ £t
\ ~—
Keyword Description] Description2 Descri@@i) Description4 Description5
Pl
Keyword1 : Scene a deep sea a vast ocean a Lastal a shallow sea a rocky coastline
Keyword2 : Weather with turbulent waves with gentle waves with mist covering with calm waters with stormy waves
Keyword3:Time at sunset at dawn at twilight at midday at sunrise

[

T

EERA ER o Eepn, Y ©REND BE @ ESHH, T
DGRNEE,  amesk. MR BROLE. BER WERER, TN
b (b) A satellite view of () A satellite view of  (d) A satellite view of

(a) A satellite view of

N a coastal with calin a shallow sea with a rocky ceastline with
a vast ocean with . . . N .
turbul aves at waters af midday mist covering at calm waters at midday
urbulent waves ai without ships twilight without ships  without ships

sunset withont ships

E 6 8L FEALAH R AR BE - SCAR IR , A B A B SRR S

Fig. 6 Display of synthetic remote sensing images generated from CSDG by providing the corresponding visual - textual prompt.

R ALAE 43 MR B, LAFI-Diffusion J& CSDG sk
Jr R B z#m@{ma\ RS - e e e
[ 9 5 55 2 A 00 0 #@& R T B S AR M/ 10125
r%ﬁﬂiﬁm % A5 75 2 TG 4k QR %6 4 114250
N %AFI Diffusion % F LAFI 25 £ Other_Ajreraft_Ca IP(Y O(‘ 4300
(LR B AT — &Q 4800 12000

Nimitz 0 1070 5350 13375

% 3 LAFI-Diffusion Z2{IF &£ F ML R EHE
Table 3 Categories and quantities of ships in the LAFI-

Mlg%\ﬁ 180 900 2250

Th onderoga 344 3440 17200 43000
Diffusion dataset.
Other_Destroyer 221 2210 11050 27625
class LAFL diffuse@ diffuse @ diffuse @ Atago_DD 2 2320 11100 27750
1:10 1:50 1:125
Arleigh_Burke_DD 606 6060 30300 75750
Other_Ship 2417 24170 120850 302125
Hatsuyuki_DD 127 1270 6350 15875
Other_Warship 1929 19290 96450 241125
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gk
" . dlffuse@“dlffuw @ diffuse @
L 150 s
Hyuga_DD $@ ""940 4700 11750
Asagiti DS 65 650 3250 8125
«ﬂgjrigate 187 1870 9350 23375
Perry_FF 514 5140 25700 64250
Patrol 193 1930 9650 24125
Other_Landing 113 1130 5650 14125
YuTing LL 86 860 4300 10750
YuDeng_LL 71 710 3550 8875
YuDao_LL 51 510 2550 6375
YuZhao_LL 40 400 2000 5000
Austin_LL 124 1240 6200 15500
Osumi_LL 39 390 1950 4875
Wasp_LL 20 200 1000 2500
LSD_41_LL 147 1470 7350 18375
LHA_LL 167 4670 8350 20875
Commander 1& 7550 18875
Other_Auxiliar bﬁ?ﬁm&»\) : &}?_ 4400 11000
1\@%@&& @\Q‘i% éi 31 1550 3875
Test &% gﬁ $54 540 2700 6750
Trgpin 51 510 2550 6375
@S\ﬁ AOE 48 480 2400 6000
Masyuu_AS 61 610 3050 7625
Sanantonio_AS 66 660 3300 8250
EPF 80 800 4000 10000
Other_Merchant 762 7620 38100 95250
Container_Ship 522 5220 26100 65250
RoRo 261 2610 13050 32625
Cargo 3084 30840 154200 385500
Barge 1460 14600 73000 182500
Tughoat 313 3130 15650 39125
Ferry 304 15200 38000
Yacht .aﬁa!g“ 80650 201625
Sailboat %ﬁb 31220 156100 390250
Fishj 555 4550 22750 56875
Wo Tanker 339 3390 16950 42375
Hovercraft 672 6720 33600 84000
Motorhoat 26232 262320 1311600 3279000
all 48717 487170 2435850 6089625

4 SLE ‘

41 TREE ﬁﬁd
¢xm%§k<@ﬁﬁ é&AMXM%
GPU I it4T, t&%@@ 24GB A7 . BEAUTE
LAFI-Diffusi ‘%ﬂyﬁﬂﬁwmm,%m%
m%ﬁ% % (SGD, Stochastic Gradient Descent)
A, ol P R0 a2 5043 90 1 o 0.9 il
0.0001, SEERWIAH 2 FH 0.01, 2 R BA
AR TN 52— TEARRIFIEH
Fr A SLm AT R TE ImageNet—1K B0 45
(Deng J 55, 2009) bl Zx ik AN F K] i AL K
DU Y 1 32 1 X 2% 52 50 BRIA il FH 4 B NVIDIA
RTX 4090 GPU #15YI1%5 (batch size 4 8), FF{ii [
— 5 NVIDIA RTX 4090 GPU JEA7HE3 . Frf 7 ik
PIEET mmrotate HEZE (Zhou Y55, 2022) 523,

42 LEFH AC+ Vg
PO NE! )FTh{J”' I e QXL%“T 7 Rk

F OBB i A ¥ ? @,% Rol Transformer

(Ding J %%, R3Det (Yang X 5§, 2021) .

Gliding Vertex (Xu Y %%, 2020). Oriented R—CNN
(Xie X %%, 2021). Rotated Faster R-CNN (Yang S
4, 2020) . Rotated FCOS (Li Z %, 2023) #l
S2A-Net (Han J5, 2021).

FE VA 96 by T, A SCH A PASCAL VOC
2007 (Everingham M 4%, 2010) Fe#E, I HF
YRR (mAP) SRPEAGBIAITERE . [ mf, AL
XA AL 1 SRR SRR AT T 581t
43 TBERSHRE

ARG AN ] ) LS - i R A L A
ASTE RGN Tk X b, PEA iffusion B %

A LA %%ﬁ\%z Qgﬁgﬂwm
Eiﬁ%a@%@%ﬁ ﬁ\% Thi= P R
HHBINI: 0; %ﬁﬁ 1: 50FI1: 125
#ﬁxmm?@?&ﬁm@@ A He B 6 5
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NHHE (OBB) A5Gk EARRIN 55 1 1k BE o

% 7 ¥ AE LAFI-Diffusion U4 b i PERER IR
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ANZALRE T DL, SO 50k 5 1 Rk AR A
R I SO T RE R R ifﬂ R A R A
R @Eﬁmﬁ%ﬁ %3 ¥ 2 (] 0 L 26 B

7£ LAFI-Diffusi I, S2A-Net 7k e 8

LR HmAP A IRA LB T
@Onented R—CNN [RIFE AL S, H—
bFEQiETéﬁ%Eiﬁfa‘iﬁlﬂ%E’Jﬁxﬁl Mo DL b stmegh iR
HESE T LAFI-Diffusion Z0H 8 AU A bk
% 4 LAFI-Diffusion #{#E £ I 1%8E L5 (AP)

Table 4 Comparison of performance (AP) on LAFI data-

set

mAP  mAP mAP
N mAP
yiRiS backbone @] . @]. @] .

@1:0
10 50 125

Rol Transformer ResNet50 0.509 0.523 0.533 0.514

R3Det ResNet50 0.278 0.280 0.281 0.280
ResNet50 0.489 0.496 0.501 0.494

ResNet50 568 0.568 0.574 0.568
£

Rotated Faster R— LNN t‘ 0.485 0.490 0477
Rotated F{@;ﬁ% eXNet: @1— 0.422 0424 0423

@zbn%\]\o 1509 0.585 0.605 0.620 0.609
T HUEFOR \?\Bﬁé

$9®7%E ST RO E T A BT I
R
S A-Net J7H A7 B G T A1 60 T S O
A R S A AR 2.
TERAIAMC D B BT T 1 B3R
b B LA B2 JBRAEAE , Bfas T H
W AN A R L . AT 535 3271 T 6
R I A AR 035 1

AT, ORI 5 LSO S 1 %
AR, B ST i R BT
DR 15 52 B m%m AR (5
SR B A L E 2L @gwiﬁ .
50 N 8 5 F0 5 I 1 A 2
B SR LB KB 0%
B i S T LU ORI B . R
P, SRR AT RS R s I 4 R
T S B ML SR
L B L T T B 2 A A
R R OB L WS, Tl
MR T SRR 4 R B
BRI A LR RE T . R ) 122 £

Gliding Vertex

Oriented R-CNN

(A P e 2 5

Sy T Ko 2 1 Eﬁﬁ%ﬂATim
BRIy fd FH A FID éw i i E 14
[ JiT & AN 2 5 %ﬂ& P ’f (Fréchet

Inception Distance)@ é&XM%‘E 2018) #i
[0 2 {5 BT i o 7
“ﬁz%eﬁﬁmﬁ%%ﬁgim&ﬂﬂ e
ﬁ%ﬁ%ﬂmﬁﬁ»ﬂDﬁi¢ﬁ%@%$mﬁg
i & . LPIPS (Learned Perceptual Image Patch
(Zhang R5%, 2018) it IR 2% > i
RURAVEAL A ER Z 18] (1 BN 22 5%, LPIPS {E8/ )N
PR U A0 L St AL, B A A Ao
HOBGE . R ST T IRATI T kA HAD 12 R R
A TSRS BEXS L. T RLR IR, FRATT Y 2 R MR A
TS5 B RH AT A S Y 1 R A R B T
75 FID A LPIPS $845 47 B B AY L. X R BI &
TI?E’Jﬁ%TEﬁEEH%EEtE&JEE%@ﬁ H
A AR B8 TR 40 1 2 «ﬁj‘c&nm
mﬂ’]iﬁiﬁio

ﬁgﬂ’] te
Table 5 Comparison of image generation quality

Similarity)

Stablodif SwinlR (Li-
ta. — -
Ik T g, TTST(Xiao Y %,2024)
sion+CLIP
2021)

AID .DOTA v1.0 .DIOR

BiisE  LAFI-diffusion  DIV2K
FINWPU-RESISC45

FID 98.1136 390 327.5
LPIPS 0.7708 0.903 0.875

o T T 4 T b ST 40K JEE R RS MR RE L AR
SCVPAR T 45 5 v 7 BT AT 2 TR B 1 G )
S ZERANE 6 5% 7R, S2A-Net A1 Oriented
R4mNﬁ%T%ﬁyﬁﬂﬂ%ﬂ £ 5 B Al
W, 5% Eﬁﬂ‘ﬁ%m A-Net J7 ik
TR%%%ﬁM@@ §@ éi 15 A
%%Wﬁ% . A —
EEﬁTH%% Eﬂ@#ﬂ%ﬁﬁ%
PR ﬂM%TE%%?%¥%,M
ﬁﬁﬂ@%ﬁﬁ MK SRR

BRI, S2A-Net fE N LB Beka il 7 i, Hok il
A BE 1 E AR T XU B Bt Oriented R-CNN J57%, F&
TN 3 B8 25 T8 T 00 5 A0 45 E 47 i 7 A
T SRR AR 3 B
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GT Rol Transformer

I Motorboat HEE Other Warship [ Container

Oriented R-CNN

S2A-Net

r Ship HM Cargo [T Barge

K7  LAFI-Diffusion a4 TN e B AR 77 2 R I 25 5% AL 56 1 R el

Fig. 7 Detection results from different rotate object detection methods on LAFI datasets, including the scenario of port and open sea.
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% 6 &7 iETE LAFI-Diffusion ¥ EM 5 M AAR SR E R iEse bR

Table 6 Comparison of perfor:n{mce on LAFI-Diffusion of S2A—Net and our methods in warshl%n er ship.

>
b‘ Oriented R—  Rotated Fas I\
Class Rformer R3det Gliding Vertex 'ﬁ\ tated C %_SZA Net

CNN
Othe hﬁ‘é 0.23 0.192 0.221 0215 $ (i\ﬁ\o 217 0.463
_Warship 0.415 0.291 0.354 0.348 %@Q}X) 0.385 0.581
Submarine 0.662 0.59 0.64 0.79 S\@G 0.622 0.739 0.643
Other_Aircraft_Carrier 0.795 0.132 0.599 @5@ 0.69 0.563 0.727
Enterprise 0.83 0.743 0.758 0.768 0.739 0.732 0.931
Nimitz 0.711 0.418 0.574 0.636 0.582 0.495 0.728
Midway 0.625 0.292 0.697 0.737 0.818 0.351 0.673
Ticonderoga 0.748 0.626 0.829 0.871 0.719 0.447 0.798
Other_Destroyer 0.328 0.221 0.294 0.488 0.271 0.344 0.626
Atago_DD 0.614 0.465 0.494 0.702 0.431 0.473 0.73
Artleigh_Burke_DD 0.857 0.583 0.752 0.878 0.784 0.598 0.854
Hatsuyuki_DD 0.197 0.209 0.389 0375 0.275 0.116 0.646
Hyuga_DD 0.875 0.947 0.676 0.873 0.921 0.82 0.975
Asagiri_DD Q14 0.062 0.275 0.466 0.391 0.167 14
Other_Frigate 0.036 0.246 0341 0.218 0. 2723c. 0.407
Perry_ FF 'Xb 0.712 0.663 0.834 0.673 %’L 0.836
P& Q‘i% éi) 0.086 0.129 0.132 S 0.105 0.152
()ther ?ﬁu\ﬁﬁ 0.129 0.016 0.186 0.207 « l 0.041 0.091 0212
1@»1 0.545 0.009 0.545 0.545 0.545 0.341 0.467
$S\$Yu1)eng LL 0.244 0.039 0.432 0.778 0.198 0.709 0.759
YuDao_LL 0.561 0.089 0.608 0.761 0.514 0.41 0.656
YuZhao_LL 0.818 0311 0.948 0.851 0.818 0.818 0.818
Austin_LL 0.737 0.209 0.762 0.773 0.582 0.506 0.727

Osumi_LL 1 0.128 0.818 0.877 0.924 0.724 1
Wasp_LL 1 0.035 1 1 1 0.273 0.545
LSD_41_LL 0.744 0215 0.586 0.761 0.656 0.24 0.633
LHA_LL 0.775 0.691 0.698 0.714 0.658 0.653 0.761
Commander 0.838 0.222 0.652 0.811 0.646 0.587 0.615
Other_Auxiliary_Ship 0.439 0.022 0.388 0.367 0.276 0.255 053
Medical_Ship 0 0.003 0.061 0.508 0.209 o q 0.008
Test_Ship .3@199’ 0.022 0.583 0.692 0. 523 0.733
Training_Shi % “ 0.455 0.005 0.455 0.459 (i\‘ﬁ (‘% % XIQ 0.33
ﬂ‘] @ 0916 0.105 0.667 08 W QSA) (i\@ 0.796
« asyuu_AS 0.289 0.065 0.104 0.244 \?és% 0.209 0.463
Sanantonio_AS 0.689 0.114 0.687 0.7 @(‘:\ 0.62 0.154 0.673
EPF 0.495 0.164 0.442 S?D%G 0.485 0.464 0.631

T MR i U B2
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£ 7 &I A LAFI-Diffusion B 7 AR 3 31 _E B BE LL 5%
Table 7 Comparison of performance on LAFI-Diffusion of S2A—-Net and other methods in m%ch@{l\lip.

Class Rolj‘rans&r@ .(;/k;de[ Gliding Vertex Oriented R~-CNN  Rotated Faster R— CNI\& \;@‘Q;)E 1, S2A-Net
Other_Merchant $“%‘p 0.146 0.138 0.164 l«\O\ (‘% % AY— 0.486
Containe«ikﬂ % 0.447 0.413 0.366 0.431 ﬁ‘ 42@?/&]\?) \&) 71 0.632
«ﬁo 0.536 0.393 0.52 0.541 0. 52%)0\) 0.539 0.684

Cargo 0.501 0.414 0.392 0.52 S\ 0.501 0.664

Barge 0.376 0.32 0.343 0.37 Q/‘ﬁ 0.354 0.369 0.629

Tugboat 0.424 0.392 0.457 0.433 0.49 0.446 0.758
Ferry 0.346 0.143 0.336 0.322 0.375 0.242 0.602
Yacht 0.548 0.392 0.495 0.488 0.472 0.523 0.611

Sailboat 0.333 0.272 0.306 0.32 0.251 0.375 0.498

Fishing_Vessel 0.291 0.136 0.247 0.237 0.259 0.203 0.411
Oil_Tanker 0.434 0.329 0.338 0.387 0.421 0.431 0.549
Hovercraft 0.735 0.618 0.659 0.734 0.704 0.734 0.744
Motorboat 0.744 0.716 0.723 0.734 0.723 0.789 0.77

T HURSOR e ok %

Y * 8 &M ETE LAFI-Diffusion LRI & EAELLE
\§ ‘&hmp %‘son of performance on LAFI-Diffusion of S2A—Net and other mm&‘a

S

‘gﬂQ?Wﬁwﬁ@

R3det  Gliding Vertex Oriented R~-CNN  Rotated Faster RﬁNN ‘étated FCOS S2A-Net

mA 1@&) gi\kés\w 0.281 0.501 0.574 « 0.424 0.620
mAR@l@\) 0.701 0.831 0.689 0.774 0.694 0.858 0.888
\Q\R’X’ ore 0.563 0.373 0.568 0.648 0.561 0.541 0.713
SOV Bk TR
5 ship .
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Abstract: Objective Fine-grained ship detection in optical remote sensing imagery is an important research topic in maritime monitoring
and ocean observation. Compared with coarse-grained ship detection, fine-grained ship detection aims to distinguish specific ship types with
highly similar visual appearances, which places higher demands on dataset scale, category diversity, and annotation accuracy. However,
existing ship detection datasets are generally limited in the number of fine-grained categories, instance scale, and scene diversity, which
restricts the performance and generalization ability of deep learning - based oriented object detection models. The objective of this study is
to construct a large-scale fine-grained ship detection dataset and to further expand data diversity through controllable synthetic data
generation, thereby providing a reliable data foundation and benchmark for fine-grained ship detection in optical remote sensing imagery.
Method First, a large-scale fine-grained ship detection dataset, named LAFI, is constructed using high-resolution optical remote sensing
images collected from 36 representative ports worldwide. The dataset contains 8,000 images acquired under diverse imaging conditions and
complex maritime environments. A total of 49 fine-grained ship categories are defined, and 48,717 ship instances are manually annotated
using oriented bounding boxes to accurately describe ship orientation and geometric characteristics. Second, to alleviate the limitations of
real data in terms of scale and scene covergge, a controllable diffusion-based data generation framework is designed %t;nd LAFI into a

AFI-Diffusion. By incorporating structured textual prompts that de%
generated synthetic

it und f\g.t er %}s:enarlos The

re further filtered and combined with real data to form large-scal sujta e-grained ship
detection. Fj g 1 representative oriented object detection methods are selected an@xﬁﬁ w% datasets to analyze
the __affc eness of synthetic data augmentation and to establish benchmark results. Result Ex?e i} “rﬁts show that the proposed

LAF1 dataset provides improved category richness, instance scale, and scene diversity compar

million-scale synthetic dataset, refe ed@ types, weather

conditions, and temporal t the diffusion model is guided to generate realistic ship i 1mages

existing fine-grained ship detection
datasets. Moreover, incorporating synthetic data from LAFI-Diffusion into the training % ons1stently improves detection performance
and generalization ability across different oriented object detection models. Perfg@k

environments, such as crowded ports and scenes with varying sea states and ‘illumination conditions. The benchmark evaluations also

gains are particularly evident in complex maritime

indicate that the contribution of synthetic data varies across detection methods, suggesting that appropriate integration strategies are
important for fully exploiting synthetic data.Conclusion This study presents a large-scale fine-grained ship detection dataset that integrates
real optical remote sensing imagery with controllable diffusion-based synthetic data generation. By substantially expanding data scale and
enhancing scene diversity, the proposed LAFI-Diffusion dataset effectively addresses the limitations of existing fine-grained ship detection
benchmarks. The experimental results confirm that synthetic data can serve as an effective complement to real-world samples, improving
detection accuracy and robustness for oriented ship detection models. The released datasets and benchmark results provide valuable support
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for future research on fine-grained ship detection and related remote sensing applications.

Key words: Remote sensing imagery, ship detection, dataset, diffusion model, synthetic data generation, fine-grained r nition, oriented

bounding box, data augmentation
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