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Synthetic Data Generation Using Physically-Based Rendering
for Segmentation and Performance Analysis

ERESUEE L

Minjun Bhang', Jinhwi Lee®

Abstract: Automation of complex post-processing in large-scale manufacturing can substantially
reduce human risk while improving operational efficiency. Real-time, fine-grained recognition and
segmentation of objects and their detachable components are essential for such automation, yet task-
specific dataset construction remains challenging due to the diversity and scale of industrial objects.
To overcome these challenges, we propose a simulation-to-reality pipeline that leverages high-fidelity
synthetic data generated in Unreal Engine 5. Our method produces photorealistic images and auto-
matically generates pixel-accurate annotations at scale, eliminating manual labeling. The resulting
datasets are used to train YOLOv8-based detection and segmentation models, which are evaluated
both in zero-shot transfer settings and through few-shot fine-tuning with limited real samples. Model
performance is assessed on real-world imagery using standard metrics with attention to real-time
inference requirements crucial for industrial deployment. Our results demonstrate that synthetic data
can effectively bridge the gap between virtual and real domains, providing a scalable framework for
vision-based automation in complex manufacturing environments.

Keywords: Computer Vision, Object Detection, Object Segmentation, Synthetic Data
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[Fig. 1] Synthetic image generation process. (a) represents the
Unreal Editor viewport. (b) and (c) are the RGB image and
object mask image from the scene



[Fig. 2] Examples of RGB images and their corresponding
object color mask images: Objects with identical mesh share the
same color masks

[Fig. 3] Example of synthetic images with domain randomization
applied
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[Fig. 4] Example of synthetic images with real-world background
integration
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Color: Green

Class: Hub Case
Pixel: 1 0.3612 0.1221
03509 0.4197...

Color: Blue

Cass: Steering Knuckle
Pixel: 2 0.5216 0.7164
0.5326 0.6468...

Color: Red

{b) Class: Suspension
Pixel: 003619 0.1221
0.3509 0.1305. ..

-

[Fig. 5] Segmentation Labeling Process. (a) represents the
object mask image. (b) extracts class-wise pixels based on the
colors in the object mask. (c) visualizes the generated labels
overlaid on the corresponding RGB image
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[Table 1] Training data configuration

Vanilla Syn BG Real
Datasetl 2500 0 0 0
Dataset2 0 2500 0 0
Dataset3 0 1250 1250 0
Dataset4 0 0 0 25
Dataset5 0 1250 1250 25

@ (b) © @

[Fig. 6] Examples of images used in the dataset: (a) Vanilla, (b)
Syn, (¢) BG, and (d) Real
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mAP 50-95
1 0.953

Dataset] Dataset2 Dataset3 Dataset4 Dataset5

[Fig. 7] This graph presents the mAP 50-95 performance results
across the five training datasets
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