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1. EXTENDED ABSTRACT 
Pavement condition evaluation is a key component of roadway performance assessment and 

management. The current pavement evaluation practice is mostly manual which is inefficient, 

inaccurate, subjective and sometimes dangerous. Due to the well-established limitations of manual 

inspection, computer vision-based systems have been considered as promising substitutes. The computer 

vision-based pavement evaluation systems, that have been proposed over the past decades use 2-

dimensional, gray-scale pavement images and apply different sequences of various image processing 

and machine learning techniques to distinguish pavement defects from the image background. For this 

purpose, computer vision-based pavement evaluation systems must overcome several technical and 

practical challenges. Pavement background in 2D images are highly random, not only because asphalt 

has a random color texture but also due to random presence of water marks, oil stains, debris, pavement 

markings, and so forth. Most pavement defects (e.g. linear and fatigue cracks, patches, and potholes) 

also appear in highly random patterns. To handle this randomness, automated pavement evaluation 

systems usually employ a carefully designed system for each pavement defect or object. The general 

structure of such systems consists of 4 main components, including: 1) images processing methods to 

remove the random background of pavements and detect defect-like objects, 2) feature extraction, to 

compute the imagery descriptors that can distinguish actual defects from the remaining noise after the 

image processing,  3) supervised-machine learning techniques that use the extracted features to 

distinguish defects from the noise, and 4) pavement rating which uses the imagery characteristics of 

objects and defects to rate the pavement in accordance with different pavement rating manuals (e.g. 

ASTM, AASHTO and etc.). 

Despite the efforts, none of the proposed systems could completely replace the manual inspection due 

to several reasons, including: 

• In theory, such systems should be trained with large datasets of ground-truth images that can reflect 

the highly random nature of the pavement surface and its defects. But in practice, preparing such a 

large dataset is hardly possible. When trained for limited datasets, evaluation systems are sensitive 

to the pavement condition and yield poor results, especially for large network datasets (highly 

random pavement types and conditions). 

• Image processing techniques and imagery features are usually selected, intuitively; therefore, 

vision-based pavement evaluation systems only learn and consider a limited set of pre-defined 
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information based on limited ground-truth datasets which will further reduce the accuracy of 

pavement evaluation system. 

• Due to inherent random nature of pavement defects, most available methods focus on a single defect 

and propose elaborate procedures to reduce the negative and positive error rates. Such systems can 

be computationally expensive and time-taking; correspondingly, running several techniques for a 

complete pavement evaluation is not practically justifiable. 

In recent years, pavement evaluation industry and management agencies show an increasing interest in 

3D imaging systems due to advantages of range images compared to gray-scale images for pavement 

condition assessment. Depth is a key feature for detection of a number of critical pavement defects and 

objects such as cracks, potholes, and manhole covers. These defects can be small or have a similar color 

texture to clean pavement which make them difficult to differentiate in 2D, gray-scale images, even for 

trained human inspectors. They appear more clearly in 3D, range images due to their depth difference 

from adjacent pavement surface. Other pavement defects or objects (e.g. lane markers, and patches) that 

have a distinct color or texture or does not have a significant depth can still be easier to detect from 2D, 

gray-scale images. For these reasons, an automated pavement evaluation system based on gray-scale 

(2D) and range (3D) images is proposed in this study to take advantage of both imaging systems and 

maximize the evaluation accuracy. 

Furthermore, the introduction of greedy layer-wise training techniques has led to significant advances 

in deeper neural networks and deep learning has been the subject of numerous computer science studies 

over the past few years. Deep learning is proven to outperform most conventional object detection 

techniques in accuracy and efficiency (computation time).  But, this technique has rarely been adopted 

for pavement evaluation applications. The significant advantage of deep learning techniques, 

specifically deep Convolutional Neural Networks (CNN) over conventional vision-based pavement 

crack detection systems is that the image processing, feature extraction and classification components 

of the system are integrated within the CNN structure. Therefore, the required image manipulations and 

the most efficient features are automatically learned during the training procedure and no human 

judgment or intervention (usually induces subjectivity and inaccuracy) is required. 

In this research, 2D and 3D images of pavement surface are stacked together to form 2-channel images 

which contain the intensity and depth information of each pixel. Then, A deep convolutional neural 

network is adapted and trained using the 2-channel images to learn the best features for each defect type, 

automatically. In This way, the proposed approach aims to better use the intensity and range information 

and achieve higher accuracy and efficiency by learning better features. Deep networks provide highly 

complex models that can handle randomness of pavement datasets. Therefore, different pavement 

defects and objects can be detected using a single multi-class classification process which is a significant 

advantage compared to single-defect detection methods (described earlier). Accuracy and efficiency 

(high throughput) are essential for real-world applications in which millions of road surface images 

should be analyzed to detect and quantify pavement defects. 

2. METHOD 
In this research, gray-scale and range images are overlaid to form 2-channel images. These images are 

used to train a deep convolutional neural network to extract optimal features and conduct a multi-class 

classification to detect 4 different pavement defects and objects including, cracks, pavement markings, 

manhole covers, and patches. For this purpose, 330 intensity and range images (corresponding images, 

from the same location), collected by Korean Institute of Construction Technology (KICT) are 

employed. These images are 3700 pixels wide and 10000 pixels long. Each pixel represents 0.98×0.98 

millimeter square on an actual pavement. range images are copied in the second channel (green channel 
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in a RGB color image) and intensity images are copied in the third channel (blue channel in a RGB 

image). The first channel is left empty. A sample procedure is presented in Figure 1. 

 
Figure 1: Figure text (range, intensity, range in green channel, intensity in blue channel, and 

2-channel image). 

2-channel images are used to train a CNN method to detect different pavement defects. CNN is a 

sequence of convolution and pooling layers. Each convolution layer applies different masks to the image 

and forms a set of feature maps. In-turn, pooling layers conduct under-sampling on the feature maps to 

reduce the dimensions of the feature space. After several convolution and pooling layers the remaining 

features can be used to classify the original image using a fine-tuning network (i.e. an ordinary artificial 

neural network structure). Due to the structure of CNN, each image should be divided into smaller tiles 

so that the classifier can decide whether each tile includes any of the afore-mentioned defects or not. 

Tiles size should be small enough to capture pixel-level defects (e.g. cracks) but not too small that does 

not represent the regional concept of the image which is essential to detect larger defects and objects 

such as patches and manhole covers. For this purpose, different tiles sizes are evaluated and 50×50 

pixel size is selected. 

Considering the number and randomness of the pavement objects in this project, different CNN 

structures are evaluated. The optimal design is comprised of 4 convolution and pooling layers. The 

kernel sizes are fixed to the minimum, (3×3 pixels), to detect detailed features for each pavement object. 

The pooling is also conducted gradually using 2X2 kernels to prevent sudden dimensionality reduction 

and possible loss of accuracy. The fine-tuning layer is also 4 fully connected layers which maps the 

extracted features to the class-label (target) values. To train the model each 2-channel image is divided 

into 50X50 tiles and then fed into the CNN. The outputs represent the likelihood of each tiles for being 

a pavement object. In simple terms, outputs can be 0, or 1, or 2, or 3, or 4 which will represent clean 

pavement, crack, marker, patch, and manhole covers, respectively. The outputs are then thresholded and 

re-assembled to form the detection image. Sample detection results are presented in Figure 2. The 

inference engine is prepared using the Microsoft CNTK library which enables deep learning techniques 

on Graphical Processing Units (GPUs). This test is designed and programmed for NVIDIA TITAN X 
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graphic card which is a high-end GPU processing unit and can maximize the processing speed through 

CUDA libraries. 

 

Figure 2: Sample detection results (cracks are in red, road markers are in green, patches are in 

purple and manhole covers are in blue).  

3. SUMMARY 
In this research, a computer vision-based pavement evaluation system based on deep learning and using 

2D gray-sclae and 3D range images of pavements is presented. The proposed system can take advantag 

of both imaging system to increase the accuracy of the detections. The entire pavement evaluation can 

also be conduction in a single procedure which increases the efficiency and overall throughput of the 

evaluation. Deep learning provides superior accuracy and performance compared to conventional 

machine learning techniques, used for pavement evaluation. However, detailed assessments of the error 

rates and computation times are required to quantify the advantages of this method. 
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