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In military and maritime surveillance applications,
security and operational constraints limit the
acquisition of sufficient real-world ship imagery, while
existing datasets often fail to adequately represent
diverse weather and lighting conditions that can
degrade detection performance. In this study, YOLOv8n
and Faster R-CNN are pretrained on synthetic ship
images generated via domain randomization in
simulation to obtain improved initial weights, followed
by fine-tuning on a ship detection dataset to evaluate
the resulting performance gains. Both models
demonstrate consistent improvements in mAP50:95,
with Faster R-CNN showing particularly notable gains
in localization accuracy at high loU thresholds and a
reduction in false positives. These results indicate that
synthetic-data pretraining can contribute to improved
ship detection precision.
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Fig. 1. Examples of generated synthetic ship images un—
der different domain randomization conditions (back-
ground, weather, HDRI)
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(a) Scene construction

ZEE 2|, AIZ&[0[M 7%t 8 HIOo[EA

(b) Ship placement

(c) Background addition (HDRI)

(d) Instance segmentation

Fig. 2. Synthetic ship image generation pipeline
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Fig. 3. ABOships real-image examples with ground-truth
ship bounding boxes (green)

700 2026; 9(3); pp. 697-704 Journal of the KNST



Tae-Jun Kim et al., Improving Ship Detection Performance Using Simulation-Based Synthetic Datasets

25t7] 9o F A (137) E))E B T2 A}
£35}o], & E AAE train/val/test = S}

=R 2 w45t lct. Tt 7 8 A% 22 A (cargo-

sh1p 137 29 F 37/ ol= )7} val-testo] = ®F
TA 2EEE BEF H)L(80/10/10%)° 7+
HSIH A = cargoshipo] 5= Z¢ 292 &4

sto] sttt & ¢ 2%+ train 7,952%,
val 9567, test 972%40] T},

Table 1. YOLOv8n: AP, Recall, FP/TP comparison by loU
threshold (baseline vs. baseline + synthetic data)

Baseline

Recall Recall

0.50 0.722 0.751 0.563 0.725 0.756 0.559
0.55 0.687 0.725 0.618 0.683 0.727 0.621
0.60 0.623 0.680 0.725 0.624 0.680 0.733
0.65 0.544 0.618 0.897 0.549 0.625 0.885
0.70 0.455 0.551 1.128 0.457 0.555 1.123
0.75 0.350 0.460 1.552 0.351 0.465 1.531
0.80 0.239 0.358 2.281 0.230 0.356 2.307
0.85 0.120 0.228 4.150 0.124 0.242 3.865
0.90 0.041 0.112 9.477 0.046 0.123 8.591
MARy 0.726 0.735

MAP 95 0.382 0.384

Table 2. Faster R-CNN: AP, Recall, FP/TP comparison
by loU threshold (baseline vs. baseline + synthetic data)

Baseline

Recall Recall

0.50 0.743 0.865 1.509 0.744 0.856 1.308

0.55 0.696 0.826 1.628 0.699 0.821 1.407
0.60 0.624 0.771 1.815 0.628 0.765 1.584
0.65 0.526 0.686 2.163 0.532 0.684 1.888
0.70 0.409 0.585 2.710 0.428 0.593 2.335
0.75 0.300 0.481 3.514 0.299 0.477 3.146
0.80 0.191 0.350 5.206 0.188 0.347 4.701
0.85 0.083 0.211 9.306 0.090 0.211 8.351
0.90 0.018 0.082 25.377 0.029 0.093 20.305
mARPy 0.739 0.739

MAP .95 0.357 0.362
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Fig. 4. Qualitative comparison between baseline and baseline + synthetic data (Faster R~-CNN) on three test images (r-
ows), each showing ground truth (left), Baseline predictions (center), and ours predictions (right) at confidence >
0.25 (green = ground truth, red = prediction)
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