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automated pavement condition assessment.

Introduction

1. Prepared dataset
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Figure 10 Examples for crack segmentation by three DIS, SCSegamba, and
YOLOvV26-seg.
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4. Observation

1) Although DIS and SCSegamba perform better than YOLOv26-seg
on the validation dataset, the test on real-word data shows the
latter is more accurate to delineate the cracks.
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Figure 1 Examples of training data with overlaid masks on original images.
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2. Problems in prior study
Noisy and not robust for traditional methods (Structured Forest).

(a) Original (b) Structured Forest (c) YOLOv26-seg
Figure 2 Crack segmentation from Structured Forest and YOLOvZ26-seg.

Figure 5 Framework of YOLOV26 for object detection and segmentation algorithm. | crack 0.75
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2) YOLOv26-seg is more robust for crack segmentation on noisy
images.

Conclusions

Several findings are observed through this research:
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(a) Network architecture of SCSegamba (b) Architecture of SAVSS block
Figure 6 Overview of the SCSegamba.

1) Segmentation models outperform the traditional image
processing method (Structured Forest) to delineate cracks on
pavements, especially when this method fails to capture the edges
of thin or fading cracks.
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2) YOLOv26-seg is the best model to segment cracks on both 2D or
3D images. It also works well on JCP and CRCP.

3) The proposed crack measurement framework with
segmentation models shows a good agreement with the prior
method.

3) Dichotomous Image Segmentation (DIS)
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4) In the future, large-scale experiments will be conducted for the
proposed method.
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Figure 7 Proposed IS (intermediate supervision)-Net baseline. (a) Original (b) DIS (c) SCSegamba  (d) YOLOV26-seg




