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Implementation and Performance Evaluation of a Real-Time
Concrete Discoloration Segmentation Model based on PIDNet-S

Young-Kyu Kim*!, Dae-Nyeon Kim*’, and Daeyoung Choi**
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Abstract

This study proposes a lightweight semantic segmentation model for real-time detection of concrete discoloration in
UAV-acquired bridge images. Concrete discoloration exhibits ambiguous boundaries due to lighting and material variations,
which limits the performance of conventional deep learning models. To address this issue, a PIDNet-S - based lightweight
segmentation architecture is adopted for binary discoloration segmentation. In addition, a concrete discoloration dataset is
constructed using polygon-based annotation and binary mask generation from UAV images. Experimental results show that
the proposed model achieves 89.0% IoU, 93.0% Fl-score, and 98.0% pixel accuracy, outperforming U-Net and Improved
U-Net while maintaining accuracy comparable to Mask R-CNN. Moreover, the model achieves real-time inference at
approximately 25 FPS, demonstrating its applicability to UAV-based automated bridge inspection.
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Fig. 1. Overview of the PIDNet-S - based concrete
discoloration segmentation system
(a) Training pipeline, (b) Inference pipeline
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segmentation dataset splits

) # of -

Split Image Description
Training 500 Model parameter training
Validation 100 Hyperparamgter tuning and

overfitting check

Test 100 Final pen‘ormance

evaluation

Total 700
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Fig. 3. Network architecture of the PIDNet-S - based
concrete discoloration segmentation model
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Table 2. Configuration of the PIDNet-based discoloration
segmentation model used in this study

ltem Configuration
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architecture (based on the structure proposed
by Xu et al. [7))
Input size 512512,
P 3 channels (RGB)
2

h | . )
Output: channels (background, discoloration)

Pixel-wise class probabilities
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Discoloration probability map
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Binary segmentation of concrete
discoloration on UAV-based bridge
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Table 3. Configuration of the PIDNet-based discoloration
segmentation model used in this study

ltem Configuration
Optimizer Adam
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Learning rate Step decay
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