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Application of Mask R-CNN Algorithm to Detect Cracks
in Concrete Structure
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Abstract

Inspecting cracks to determine a structure’s condition is crucial for accurate safety diagnosis. However, visual crack
inspection methods can be subjective and are dependent on field conditions, thereby resulting in low reliability. To address
this issue, this study automates the detection of concrete cracks in image data using ResNet, FPN, and the Mask R-CNN
components as the backbone, neck, and head of a convolutional neural network. The performance of the proposed model
is analyzed using the intersection over the union (IoU). The experimental dataset contained 1,203 images divided into
training (70%), validation (20%), and testing (10%) sets. The model achieved an IoU value of 95.83% for testing, and
there were no cases where the crack was not detected. These findings demonstrate that the proposed model realized

highly accurate detection of concrete cracks in image data.
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Fig. 1. Structure of the two—stage detection model (Bouraya and Belangour, 2021)
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Fig. 2. Concrete crack images (Ozgenel, 2018)

(a) Labelled image

(b) Instance segmentation
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Fig. 3. Processing image data to calculate loU
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Fig. 5. Detection results from the concrete crack images
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