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Abstract

The cracks in the tunnel are currently determined through visual inspections conducted
by inspectors based on images acquired using tunnel imaging acquisition systems.
This labor-intensive approach, relying on inspectors, has inherent limitations as it is
subject to their subjective judgments. Recently research efforts have actively explored
the use of deep learning to automatically detect tunnel cracks. However, most studies
utilize public datasets or lack sufficient objectivity in the analysis process, making it
challenging to apply them effectively in practical operations. In this study, we selected
test datasets consisting of images in the same format as those obtained from the actual
inspection system to perform an objective evaluation of deep learning models. Addi-
tionally, we introduced ensemble techniques to complement the strengths and weak-
nesses of the deep learning models, thereby improving the accuracy of crack detection.
As aresult, we achieved high recall rates of 80%, 88%, and 89% for cracks with sizes
0of 0.2 mm, 0.3 mm, and 0.5 mm, respectively, in the test images. In addition, the crack
detection result of deep learning included numerous cracks that the inspector could not
find. if cracks are detected with sufficient accuracy in a more objective evaluation by
selecting images from other tunnels that were not used in this study, it is judged that
deep learning will be able to be introduced to facility safety inspection.

Keywords: Deep learning, Semantic segmentation, Concrete lining, Facility safety
inspection, Micro crack
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Fig. 2. Example of train and test images acquired by image data acquisition system for tunnel
Table 1. Summary of training and test datasets in this study
Image name | Tunnel Pixels Crack length | Image name | Tunnel Pixels Crack length

Train image 1 A 10,035 x 23,040 10.83 m Train image 9 C 9,002 x 23,040 9.83m
10,056 x 23,040 11.07m | Train image 10 10,036 x 23,040 11.19m
9,024 x 23,040 1222m | Train image 11 10,107 x 23,040 11.02 m
8,974 x 23,040 17.84m | Train image 12 10,011 x 23,040 14.08 m
9,995 x 23,040 11.81m | Train image 13 10,000 x 18,268 17.88 m
8,000 x 20,583 9.13m Train image 14 10,000 x 18,268 13.78 m
8,974 x 23,040 13.02m Test image 1 9,000 x 20,583 1836 m
9,103 x 23,040 9.88 m Test image 2 10,000 x 18,268 13.86 m

Train image 2

Train image 3

Train image 4

Train image 5

Train image 6

Train image 7

QT T[> > | > >
whi-Riviivl ool Ne!

Train image 8
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Fig. 3. Model’s architecture: (a) DeeplLabv3+, (b) Mask2Former, (c) UPerNet
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Fig. 4. Loss, precision, recall, F1 score curves of training
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Table 2. Results for each test image according to deep learning models

Test image 1 Test image 2
Model
Prec. Recall F1 score Prec. Recall F1 score

DeepLabv3+ 0.58 0.59 0.58 0.79 0.76 0.77

Mask2Former 0.75 0.69 0.72 0.89 0.81 0.85

UPerNet 0.70 0.69 0.69 0.83 0.78 0.80
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Table 3. Results for each crack according to deep learning models

Crack size 0.2 mm 0.3 mm 0.5 mm
DeepLabv3+ 52% 80% 82%
Mask2Former 65% 85% 89%

UPerNet 1% 78% 84%
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Table 4. Results for each test image of ensemble

Precision Recall F1 score
Test image 1 65% 79% 71%
Test image 2 80% 84% 82%
Crack size: 0.2 mm 90% 80% 85%
Crack size: 0.3 mm 88% 88% 88%
Crack size: 0.5 mm 97% 89% 93%

Fig. 6. Visual comparison of ensemble results: (a) GT, (b) ensemble of test image 1, (c) GT, (d) ensemble of test
image 2
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