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Abstract
Sustainability in the field of pavements is one of the subsets of sustainability topics in sustainable

development. In the upcoming research, various supervised and object-oriented methods and fusions
of satellite and drone images by using the Gram-Schmidt algorithm were used to investigate asphalt
damage, including asphalt cracking and wear, in order to provide the best method for investigation.
The results showed that the supervised methods of support vector machine with a kappa coefficient of
87% and overall accuracy of 90% provided the best and shortest distance method with the kappa
coefficient and overall accuracy of 57% and 67%, respectively, while showing the lowest accuracy in
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the classification of supervised methods. Also, among the object-oriented methods, the support vector
machine algorithm with a kappa coefficient of 86% and an overall accuracy of 91% had a more accurate
output compared to the other studied algorithms. The lowest accuracy was related to the nearest neighbor
algorithm with a kappa coefficient of 78% and an overall accuracy of 80%. In the UAV fusion output
with Sentinel-2, the classification was done by using the most optimal algorithm and the support vector
machine in the object-oriented method. The results showed an increase in classification accuracy up to
the kappa coefficient of 91% and overall accuracy of 93%. Furthermore, the thresholding method with a
Kappa coefficient of 90% showed the best result for detecting asphalt wear.
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Introduction

Sustainability in an environment highly depends on the sustainability of the components of that
environment. Sustainability in the field of pavements is also one of the subsets of sustainability topics
in sustainable development. Ways of communication are among the most important structures in a
city; thus, monitoring and maintenance of urban and intercity communication networks are always
among the most used cases of urban management.

Materials & Methods

In the upcoming research, various supervised classification methods, such as K-Nearest Neighbors,
Artificial Neural Network, Support Vector Machine, Maximum Likelihood, and Minimum Distance,
and object-oriented classification methods, such as Random Forest, Decision Tree, Naive Bayes, and
fusion of sentinel-2 images and drone images, by using the Gram-Schmidt algorithm were used to
investigate asphalt damage, including asphalt cracking and wear, in order to provide the best method
for investigation. Also, to study the lifespan of asphalt, first, the spectral profile of different points of
asphalt was drawn. Then, it was compared with the existing spectral libraries and classified via
classification based on the threshold limit.

Research findings

The obtained results indicated that in the supervised method, the algorithm of support vector
machine achieved the highest accuracy with an overall accuracy of 90% and a kappa coefficient of
87%. Similarly, in the section of object-oriented algorithms, the method of support vector machine
achieved the best accuracy with an overall accuracy of 91% and a kappa coefficient of 86%. The
higher accuracy of the algorithm of support vector machine was probably due to the preparation of a
more optimal decision boundary compared to other algorithms. Also, the minimum distance method
obtained the lowest accuracy among all the classification algorithms. The inaccuracy of the shortest
distance algorithm in road classification was proven in the research conducted by Li et al. (2020). The
results also showed that the most optimal algorithm investigated in the current research, i.e., the
support vector machine, in the fused image of the UAV with satellite images, increased the overall
accuracy and Kappa coefficient up to 93% and 91%, respectively. This increase indicated the effective
role of fusion in increasing classification accuracy, which was probably the result of merging the
higher radiometric power of the Sentinel-2 image with an image that had a high spatial resolution of
the UAV. Moreover, the results of this research revealed the higher accuracy of the threshold method
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with an overall accuracy of 80% and a Kappa coefficient of 90% compared to the object-oriented
classification of the support vector machine for distinguishing worn asphalt from less worn asphalt.
Discussion of Results & Conclusion

The results demonstrated that the supervised methods of support vector machine with a kappa
coefficient of 87% and overall accuracy of 90% provided the best and shortest distance method with
the kappa coefficient and overall accuracy of 57% and 67%, respectively, thus showing the lowest
accuracy in the classification of supervised methods. Also, among the object-oriented methods, the
algorithm of support vector machine with a kappa coefficient of 86% and overall accuracy of 91% had
a more accurate output compared to the other studied algorithms, while the lowest accuracy was
related to the nearest neighbor algorithm with a kappa coefficient of 78% and an overall accuracy of
80%. In the UAV/Sentinel-2 data fusion, the classification was done by the most optimized algorithm,
which was the support vector machine in the object-oriented method and the results showed an
increase in classification accuracy with the kappa coefficient of 91% and overall accuracy of 93%.
Mansourmoghaddam et al. (2022) also proved an increase in classification accuracy after fusing the
Landsat-8 image with images of higher spatial resolution. Also, the thresholding method with a Kappa
coefficient of 90% showed the best result for detecting asphalt wear. The efficiency of using the the
threshold method to separate asphalt into two defined classes was proven in the research conducted in
this field by Kim et al. (2012) as well. The results of this research are suitable for municipal and road
construction organizations to monitor the asphalt conditions of urban roads and increase road safety,
as well as sustainability of cities and citizens' well-being, while spending less money, time, and
manpower.
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Figure (1) Map of Yazd city with the location of the studied area
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Figure (2) Spectral reflection percentage curves of some materials in urban areas (Alavi-Panah, 2003)
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Figure (4) Classification of artificial neural
network (Neoral Net)
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