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t 01 Introduction

» Maritime object detection is essential for maritime applications but relies on scarce and
costly annotated data.
» Models generalize poorly due to inherent imbalances in existing maritime datasets

across conditions and object categories.

(a) X-to-Maritime Generation Results
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(b) Correlations between ATDFs and Detection Accuracy on Test Set
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X-to-Maritime Generation
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X-to-Maritime Generation Objective Function — £-E..xwn {lega(m.c,{c;,ﬂjz}?_y {Cun Mu} )@1,
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Bidirectional Object-Water Attention (BiOW-Attn) module, ~ Conditional Injection
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which explicitly models the interactions between objects and Cross-Att(Q, Ky, Vi) = Softmax( > ) Vi, ke {CiCu},

their aquatic surroundings to generate physically plausible
and realistic maritime scenes. F, = (
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‘ 03 Experimental Evaluation

Table 7: Sample numbers and percentages of
various dimensions and attributes.

Maritime Generation Dataset

Dimensions Attributes  Number Proportion

ship 29313 72.44%
buoy 5326 13.16%
Category person 4843 11.97%
floating obj. 618 1.53%
fixed obj. 366 0.90%

Yl h 6042 50.77%
G ti shore 3
rshig View ship 2459 20.66%
aerial 3399  28.56%
sea 5829  48.98%
Location river 5531 46.48%
! harbor 282 2.37%
| lake 258 2.17%
sunny 6491  54.55%
cloudy 2794 23.48%
Imaging foggy 1225 10.29%
. i X ) Environment rainy 515 4.33%
Figure 7 The.percentages of various dimensions dawn/dusk 583 4.90%
and attributes in our MGD dataset. night 292 2.45%
Data Collection Data Annotation
Location Class+Exempler Bboxes
ﬁ <o harbor: Hver Example Image 1 Task: Bbox generation
Table 1: Data source of MGD. i e 58,4 & - Rex o -
D
Source Imaging Viewpoint Num. & =) Time —
i O dayinae, e SAM2 _ R
MaSTr1325 [3] ship view 800 PR S |
. . Task: Mask ti i
USVInland [6] ship view 1000 point Wafﬂgfglon
MIT Sea Grant [9] ship view 100 P Weather |
SMD [24] shore and Ship view 400 ‘ sunny, cloudy, LLaVA-NEXT —{Outputs:
- g 2 rainy, 099y ... <image description> ‘
Seaships [33] shore view 1500 & Vessel S #shooting and imaging description
g g ) : . cotion | AWt take hore View the daytine.
Seaguu [29] aerlal V.leW 2996 -;E:- I::> Water Surface Instruction cnd Wateraiifocedesci bl 'I'P|‘:'\::'4;:3:;)21:1;::::fsst[j;ﬂ;;:r,l.mvm\;«lfut(lzwf “/5 DYC‘ bfW’ :mat:mf?@":\:fug.'
Fvessel [12] shore view e 1500 g - Name  Num. Ratio. Exemplars cvater surface descaiptiie
LaRS [52] shore, Shlp, and aerial view 1973 Usv wave;or;ﬂrzj ", ship 32648 653“%? 5 “The water surface exhibits a calim and blue-green color wikh <1ioht wie
. . . 8030 16.08% i 4 activity.”
Others shore, ship, and aerial view 1631 U — - -<g
MGD h hi d ial vi 11900 § QP Object ol EB AR =R :!:’ f/':t::l);vc\’dej:;z:z:‘:gersmwxhaonhiwowtop.'
shore, snip, and aerial view = EC> floating Obj. 2180 4.36% | B B .2 | ship with & white and black color scheme.” 9
S O Q ship, person, buoy, mﬂ O | <4 white and black passenger ship with a deck.”
§ 0 antmal ... ‘ ] “A white passenger ship with a sleek design.”
Total Num. 49953
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Table 2: FID, CAS, and YOLO Score comparisons of different methods on image generation. The
best and second-best results are highlighted in bold and underlined.

I . YOLO Score 1
Dat a G eneration ReS u | ts Methods Conditions Venue & Year | FID|  CAST  \p "an ap.
SDL.5 [30] | Text | CVPR2022 | 27.65 - -
LayoutDiff [50] | Box CVPR2023 18.17  63.77 0.83/2.68/0.29
o ar o e ons e o e GLIGEN [18] Text + Box CVPR2023 2002 77.06 12.74/30.36/8.99
e dong disildes il L. InstDiff [38] Text + Box + Mask CVPR2024 19.43  76.65 12.46/29.73/9.07
e st i el it gt e [ 25 I RC-L21 [5] Text + Box + Mask | NeurlPS2024 | 2563  74.84 8.75/22.99/5.48
of the Lights from the boats and ships. ' :? Ours Text + Box + Mask 18.05 79.34 17.08/39.14/13.52

‘An mage of a river scene taken from a shore
during dusk. The sky is patnted with hues of
orange and pink, suggesting a clear evening with a
setting suw. The water surface is calm with a slight

Table 5: Ablation study of different generation configurations.

reflection. of the Lights from the bridge and the sky.” A BiCA YOLO Score T
ObjCA — WatCA  Gpiowatca  wazobjca | FIPL  CAST  PmAP-o/mAP;
‘An image of a river scene taken from a shore view \/ 21.44 76.23 10.69/26.01/6.99
during the day. The weather appears to be overcast
with s, difuse eing, T tar e G v 19.57 78.15 13.37/29.60/10.78
PARBERE Rt Iownieh pes Wk o ieviee v " v 18.35 78.00 12.52/27.58/10.06
v v v 18.37 78.68 15.60/36.13/12.09
g o 68 Saeia ol Fiwe Ao el viow v v v v 18.05 79.34 17.08/39.14/13.52

during the daytime. The weather appears to be clear
with good Vistbility and natural Lighting. The water
surface exhibits a calm and reflective quality with a

slight greenish hue.’
‘An bmage of a river scene
taken. from a shore angle

“Awn image of a serene Lake scene taken from a shore
angle during the day. The weather appears to be
overcast with soft, diffused lighting. The water

T is calme
surface exhibits a calm, dark green hue with gentle e
vipples.

anu::)htbluz-gmhu&
reflecting the sky above.”

n

‘An image of a sea scene taken from an aerial view
during the daytime. The weather appears to be clear

a) Visualization of Different Random Seed Generation Results
with ample sunlight, suggesting good Visibility
The water surface exhibits a deep blue-green color

. erson . Eg vv e s ' = —- g ~,~“’ S .
; rson 15 & ; L 'g
perss & ] R ‘<None>’
(a) Conditions (b) LayoutDiff ~ (c) GLIGEN (d) InstDiff (e) RC-L2I (f) Ours (9) GT

with gentl riples
(b) Visualization of Text-Free Conditional Generation Results
Figure 4: Comparison of image generation on MGD. The red, green, and yellow bounding boxes Figure 11: Image generation cases using (a) different random seeds and (b) only removing text
indicate low-quality/incorrect generation, missed generation, and unexpected generation, respectively. conditions. The main reason for the scene similarity in (a) is that the text specifies background and
hydrological conditions, while the unspecified objects exhibit diversity. 10
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Data Augmentation Results

Imaging
Environment

Table 3: mAP and mAP5g comparison with/without
generated data.

night{19, ; 56.2 fixed object

597,

Model mAP 1 mAP;, T
YOLOV1O0 [37]  39.99 61.13 4
+Gen Data ~ 43.62 (+9.08%) 65.50 (+7.15%) sunny NG 0 o S = tﬁa
YOLOv11[16] 4129 62.51 A T AT T, &S o7
+Gen Data  44.43 (+7.60%)  66.15 (+5.82%) ool e % Mean: 3117 Variane: 12035 431 g
Mean: 3e;46avzriance: 118.74 o 1 - 65 3
YOLOv12 [35] 39.06 60.53 _ _ T 42 S -
+Gen Data 42.91 (+9.86%) 63.85 (+5.48%) Figure 5: YOLOv11 accuracy improvement ol 64 g
visualization across various attributes. _ mAP | [ 63
40._' MAP5q - 62
Table 4: mAP and mAPsy comparison with/without Table 6: Ablation study of different sam- 396 40,000 20.000 30.000 40.000 50 0:01
generated data. T denotes fine-tuned on our dataset. pling strategies. NUMBSTOF Gest ol e A= RIS
Model | mAP 1 mAP;5, 1 Methods Number | mAP+ mAPs5 t Figure 6: Correlation between detection accu-
Grounding DINO | 8.42 12.60 N/O 0 [ 39.99 6113 racy and the number of generated samples used.
Grounding DINO' | 65.03 86.12
+GenData | 68.04 (+4.63%) 89.86 (+4.34%) Random 1000 ‘ By ISR =T

10,000 43.31 64.95

5,000 43.11 64.70
10,000 43.62 65.50 11

AAS
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€ Generative Framework: We introduce X-to-Maritime, a novel Code (Github)

framework incorporating a Bidirectional Object-Water Attention

module to generate realistic maritime scenes under multi-condition @ @
& Sampling Strategy: We propose an Attribute-dependent Active e
Sampling approach that dynamically estimates training difficulty *
across semantic dimensions to select high-value synthetic samples.
¢ Benchmark Dataset: We construct the Maritime Generation Dataset @

(MGD), the first dedicated benchmark for generative maritime

learning, featuring comprehensive annotations and diverse scenarios

13
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