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This research aims to develop a two-stage framework for the 1. Cascaded workflow with segmentation neural network 4. Crack measurements
automated detection and quantification of cracks on asphalt and

) . Crack detection Processing Crack masks Crack width
concrete pavements using pavement surface imagery. To et e SadhEETE obtained by and length
overcome the limitations of traditional .edge—.e-xtra-ctlon methods, Al or YOLO with cropping segmentation | measurement UseadsellgmeStattri]on molzielto
the proposed appr.oach enhances the. |d¢nt|flcat|on Qf .flne =]gle il and resizing models for evaluation elineate the crac
thin cracks. In the first stage, the cracking is located within 2D/3D . _ .
vehicle-captured images using bounding boxes generated by Figure 3 Flowchart of using crack detection and measurement models for pavement |
either human experts or predictive models such as a vision- crack quantification. (b) An overlaid image for the crack (c) Width and length for the crack segments.
language model developed in our prior study. The second stage 2. Distress detection and cropped with YOLO models segmentation from YOLOV26-seg model.
utilizes high-resolution segmentation Al models to delineate crack Transverse _Longitudinal

crack Joint cpack

boundaries and extract geometric features (width, length, and
area), facilitating severity scoring according to distress
identification guidelines and pavement management standards
specified by different highway transportation agencies. We backbone
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(a) A resized and cropped image to represent a crack
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evaluate several state-of-the-art architectures, including YOLOv26, f detected by a YOLO model.
SCSegamba (a structure-aware vision mamba network), and Use the proposed method to
Dichotomous Image Segmentation (DIS), by training and testing Fine-tuning process delineate the crack
them on a new dataset of 1,432 pavement images. A Figure 4 YOLO Models for pavement distress detection.

morphological method is then applied to quantify the lengths and 3. Segmentation models 1) An overlaid image for the crack segmentation with the (e) Width and length for the crack segments
widths of cracks. Results indicate that this cascaded framework

1) YO LOVZG-Seg Structured Forest.
significantly improves detection accuracy and shape capturing for . . .
subtle surface cracks, providing a more quantifiable method for Conv: convolutional operation Figure 8 Crack measurements using segmentation model (e.g., YOLOv26-seg) and

C3k2: a block to enhance feature aggregation process St t r dF I t n I d ima
automated pavement condition assessment. ructured rorest on a croppe ge.
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: Table 1. Precision, recall, and F1 score for the segmentation models

1. Prepared dataset
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T : Segmentation models Precision Recall F1 score
' ' | YOLOV26-seg 0.699 0.559 0.621
ST o

— L | SCSegamba 0.822 0.773 0.797
o | i bIS 0.986 0.864 0.921 (a) Original (b) DIS (c) SCSegamba  (d) YOLOv26-seg
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16 16250 (4 L | 2. Performance of YOLov26-seg on various pavement types Figure 10 Examples for crack segmentation by three DIS, SCSegamba, and
Conv =3 16= 16 = 512,116,232 (4) : (qo% crack 0.0% YOLOV26—Seg.

Concat I' ; ; ::4 :j 4. Observation
: - crack 0.25 1) Although DIS and SCSegamba perform better than YOLOv26-seg

P — | 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

Figure 5 Framework of YOLOv26 for object detection and segmentation algorithm. erack 0.7
Noisy and not robust for traditional methods (Structured Forest).

: 2) YOLOv26-seg is more robust for crack segmentation on noisy
2) SCSegamba 2 o\ images.

Lt Conclusions

Several findings are observed through this research:
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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.

Supervise

2) YOLOv26-seg is the best model to segment cracks on both 2D or

(a) Network architecture of SCSegamba (b) Architecture of SAVSS block 3D images. It also works well on |CP and CRCP.

Figure 6 Overview of the SCSegamba. _
3) The proposed crack measurement framework with

B e e e — segmentation models shows a good agreement with the prior
T TS | v method.
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(c) Cotlnuoly Reinforencrete Paveent(CP) o 4) In the future, large-scale experiments will be conducted for the
proposed method.
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N i R N . _ Figure 9 Crack masking with YOLOv26-seg model on different pavement types.
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(a) Original (b) Structured Forest (c) YOLOv26-seg
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Figure 2 Crack segmentation from Structured Forest and YOLOv26-seg.
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