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Abstract. This study explores an automated method for identifying cracks on a concrete bridge
structure using an unmanned aerial vehicle (UAV) equipped with a high-resolution camera.
First, images are captured from the bridge, then a novel automated algorithm are used to isolate
the region of interest. The deep learning algorithm then detects cracks on the structure using a
pre-trained Convolutional Neural Network (CNN) model. The proposed method was tested on
Tran Phu bridge, and the results confirmed the effectiveness of the UAV-based inspections for
identifying cracks on structures.

1. Introduction

Various factors such as external load, fatigue load and thermal expansion can cause decrease in
performance of bridge structures over time. As cracks directly reflect the condition of the bridge
structures, it is considered an important parameter for structural health monitoring [1-4]. Crack
detection are often carried out by human inspection. However, this method has limitations in terms of
time consumption, cost, and accessibility to certain areas.

In recent years, unmanned aerial vehicles (UAVs) equipped with high-resolution cameras for
bridge inspection were gain much interest due to their safety and reliability [5-8]. These UAVs capture
digital images of the bridge structure, which are then analyzed by crack identification methods such as
histogram [9], thresholding [10], and edge detection [11-12]. However, these techniques have very
limited effectiveness in real-world scenarios due to challenges such as lighting changes, shadows,
stains, and rough surfaces. To overcome these limitations, recent research has focused on deep
learning-based crack detection methods [13-15], which have demonstrated greater robustness and
accuracy compared to conventional image processing techniques.

One significant challenge associated with using UAVs for crack identification is the abundance of
irrelevant content in the collected images [16]. Often, only a small portion of the image contains the
relevant region of interest for the crack identification algorithms. Without proper image processing
prior to applying the crack identification algorithms, a significant number of false-positive and false-
negative errors are likely to occur. Such errors would significantly reduce the reliability of the
techniques.

In this study, a novel automated algorithm was developed to isolate region of interest from the
images captured by the UAV. The proposed method was tested on Tran Phu bridge to confirm its
effectiveness.
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2. UAV-based crack identification method

The schematic of the proposed UAV-based crack identification method is as follows (Figure 1). First,
images are acquired from the bridge by the UAV. Then an automated algorithm is used to isolate the
region of interest (ROI) for the crack identification algorithms. The deep learning algorithm then
applied to ROI to detect cracks using a pre-trained Convolutional Neural Network (CNN) model
called SqueezeNet [17-18]. Finally, the locations of the cracks are mapped onto the 3D point cloud
model of the structure.

I Image Acquisition I—-I Autonomous ROI I—-l Crack Identification }—-l Model mapping |

Figure 1. UAV-based crack identification method of bridge structure.

2.1. Image acquisition

The UAV used in this study is the Phantom 4 RTK manufactured by DJI (Figure 2), equipped with a
20-megapixel camera that captured images with a maximum size of 5472x3648. The flight control
was operated manually to maintain a distance of approximately 6 meters from the concrete deck.
However, due to the high winds during the field test, it was impossible to maintain a constant distance
as well as keeping the horizontal orientation of the captured images. Planar markers with checkerboard
pattern were attached on the bridge to correct the distorted image as well as estimating the relationship
between image coordinates in the unit of pixels and world coordinates in the units of millimeter (scale
factor).
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Figure 2. Phantom 4 RTK for image acquisition.

2.2. Automated algorithm for isolation of the region of interest

In the case of the bridge, the region of interest is the area of the image containing the side of the
concrete deck and the girder below the deck. Since the shape of ROI is consistent across the bridge, it
is possible to develop an automated algorithm for isolation of the region of interest.

The flowchart of the algorithm is shown in Figure 3 with the illustration shown in Figure 4. First,
the color image (Figure 4a) is converted to grayscale. Then thresholding technique is used for isolation
of the concrete deck of the bridge (Figure 4b). Next, the line below the deck is detected using Hough
transform technique. This detected line is then used to rotate the image to ensure the concrete deck is
horizontal (Figure 4c). Finally, a rectangular window is used to select the ROI (Figure 4d) with the
size of the window is estimated using the calculated scale factor.

| Image (RGB) |—-| Image (Gray) |—>| Thresholding |—-| Line detectionl
|

|Image Rotationl—-l ROI selection |

Figure 3. Automated algorithm for isolation of the region of interest.
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Figure 4. (a) Original image, (b) Thresholding technique to isolate the bridge deck, (c) Rotated image,
(d) Isolated region of interest (ROI).

2.3. Crack identification using deep learning

The overview of the process for crack identification using deep learning is shown in Figure 5. First, an
image database is used for training the Convolutional Neural Network (CNN) model. Once the
training process is completed, the CNN model can effectively differentiate between crack and non-
crack images. The sliding windows technique is then utilized to scan the real-world image for crack
identification.

Image database Test image with ROI

3

With crack Without crack

Trained CNN

Validation set

Training and Validation

Crack detection

Figure 5. Overview of crack identification using deep learning.
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2.3.1. Image database. In this paper, we used the image database provided by Ozgenel and Sorgug
[19]. It contains 40,000 images, separated into sets of positive (containing cracks) and negative (not
containing cracks) images. Sample images from the database are shown in Figure 6. The image
database was randomly divided into 70% of images for training, 15% for validation and 15% for
testing.

Figure 6. Sample images of concrete structures with and without cracks.

2.3.2. Convolutional Neural Network model. To automatically detect cracks in concrete bridge
structures, we utilized a pre-trained Convolutional Neural Network model called SqueezeNet. This
model has 18 layers and takes in images of size 227x227, with the output being a binary classification
of crack or non-crack. Figure 7 illustrates SqueezeNet's advantage over other pre-trained neural
networks, which is the small size and fast.

We used MATLAB 2020b for running the CNN model using a computer with following
specifications: Intel Xeon W-2223 CPU @ 3.6 GHZ 8 cores, 16 GB RAM, GPU NVIDIA Quadro
P2200. The training parameters are provided in Table 1. The model achieved a 99.6% accuracy in
distinguishing between images with crack and without cracks.
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Figure 7. Comparison of pre-trained Convolutional Neural Networks [20].
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Table 1. Parameters for training of SqueezeNet.

Epoch Batchsize  Weight decay Learning rate Learning rate decay Momentum
100 64 0.0002 0.01 0.1 0.9

3. Field test result

A field test was conducted on Tran Phu bridge (Figure 8) to verify the effectiveness of the proposed
UAV-based crack identification method. Located in Nha Trang City, the bridge spans the Cai River. It
is 458 meters long and 22 meters wide, featuring four traffic lanes. The bridge construction began in
September 1999 and was completed in September 2002. Since the bridge has been in service for a long
period, it is now scheduled for inspection in anticipation of forthcoming maintenance work.

The targets of the field test were the inaccessible areas such as the side of the bridge deck, the
girder below the bridge deck, and the piers. The crack identification result of one section of the bridge
is shown in Figure 9, where the cracks at the bridge bearing and other locations were successfully
identified. It is noticed that the gap between each section of the bridge deck is also marked as crack;
however, these false positives can be easily removed in post-processing.

Figure 9. Crack identification in one section of the bridge.
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4. Conclusions

In this paper, we proposed a UAV-based method for identifying cracks of concrete bridge structure. A
novel automated algorithm was developed to isolate region of interest from the images captured by the
UAYV. The proposed method was successfully tested on Tran Phu bridge and yielded satisfactory
results. Although the program may occasionally misidentify some expansion joints as cracks during
automatic analysis, such misidentifications can be readily addressed through post-processing.
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