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Keywords: construction changes is considered a novel method in spatial-based research. In this study, the potential
g?g:g%ﬁ;ﬁ;;%‘m'ﬁ‘;use' of drone imagery, specifically DJI Phantom 4 Pro RTK with a relative accuracy of 10 cm, alongside
Classification, High ' ultra-cam aerial images with a relative accuracy of 20 cm, was explored for identifying and analyzing
Resolution Images. land-use changes in densely urbanized areas of the Tabriz region. To achieve this, two data sets were
utilized, including a corrected orthomosaic image from the ultra-cam camera captured on June 9, 2013,
and raw drone images from the same area on July 4, 2022. After geometric correction and the creation
of orthophotos from the raw drone images, with horizontal accuracy of 8 cm and vertical accuracy of 14
cm, two classification algorithms, maximum likelihood and minimum distance, were applied to the
orthomosaic image and the drone orthophoto. The next step involved using the thematic change detection
method to extract land-use changes in the identified classes based on the two classification algorithms.
Visual evaluation of the results revealed that the building class experienced the least change compared
to other classes. Quantitative findings showed that the Kappa coefficient and overall accuracy for the
maximum likelihood and minimum distance classification methods were 0.8924 and 94.17%, and 0.5273
and 93.08%, respectively. Additionally, quantitative analysis indicated that the greatest land-use change
involved the conversion of buildings to roads, while the least change occurred in the transformation from
roads to barren land.

Introduction
Accurate information about land use and land cover
serves as a rich data source for users in various fields,

change detection in order to choose appropriate
information. This is crucial for conserving time and
reducing costs to attain best data. (Yao et al., 2019). After

such as extraction of changes for improving urban
planning, monitoring vegetation cover, and even
identifying military operations (Boguszewski et al.,
2021). Due to the importance of urban changes and their
impacts on communities and the environment, the precise
and detailed analysis of these changes using advanced
research methods, spatial mapping tools, aerial
photogrammetry and drone is considered one of the most
significant challenges and opportunities in the field of
geospatial sciences (Qin, 2014). The various stages of the
change detection process have different algorithms and
methods. The first step is to specify the objective for

determining the purpose of studying changes and
selecting suitable images and data, preprocessing is
conducted to prepare the inputs for various algorithms
designed to detect and analyze changes. The first and
most critical step in this process is the geometric
correction of the images. Geometric distortions and
errors, arising from various factors during image
acquisition, pose a significant challenge to the effective
implementation of change detection. If left uncorrected,
these distortions can lead to issues such as noise and
inaccuracies in the resulting analysis (Lv Zhiyong et al.,
2021). The second step of the preprocessing process is
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the image registration. Image registration, especially, is
the act of overlaying two or more photographs of the
same scene obtained at various times, from different
angles, and/or with different sensors (Chavis et al.,
2012). After preprocessing, the change detection stage
will be performed. There are different categories
according to the purpose of the study, the data used and
the algorithms employed for change detection. A group
of researchers have divided these methods into two main
categories: algebra-based change detection and
classification-based change detection. Algebra change
detection is a pixel based change detection method where
changes are detected pixel by pixel. On the other hand,
classification based change detection method is the one
which involve any kind of classification for either
separate image or combination of images. Classification-
based change detection techniques are also catagorized in
two: pre-classification and post-classification methods
(Makuti et al., 2018). Therefore, for change detection of
dense urban area in this study, two sets of data from
different times have been utilized: one set consisting of
high-resolution images of the Ultracam camera for the
year 2013 and the other, comprising UAV images from
the same area for the year 2022. The accuracy of landuse
change detection using high-resolution images, such as
UAV data and high-resolution images of Ultrcam
camera, is a key focus of this research. Additionally,
comparing the accuracy of two pixel-based classification
methods in classifying high-resolution images and
evaluating their efficiency in identifying land cover
changes are other important aspects of this study.

Materials and Methods

In the first step, the UAV images undergo radiometric
correction, followed by the process of aerial triangulation
and dense point cloud generation using ground control
points. Subsequently, based on the dense point cloud, the
DSM of the area is produced and ultimately the
orthophoto of the area is generated. In the next step, for
preprocessing and improving the overlay and alignment
of images, it is necessary to extract tie points from
common features in the images. This task will be
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performed by matching images using mutual information
and applying the Moravec corner detection operator on
the relevant data. Then, the process of aligning and
overlaying the common areas in the images is carried out.
In the subsequent stage, the classification of the Ultracam
Basemap orthomosaic image and UAV orthomosaic
image is performed using the maximum likelihood and
the minimum distance methods. The next stage involves
post-processing the outputs of the previous stages using
the majority-minority method to edit and correct the
classification results. Further, for detecting changes in
the existing classes from Time 1 data (The Ultracam
Basemap Orthomusaic) to Time 2 data (UAV
orthophoto) created by the two classification algorithms,
the Thematic Change Detection method is employed.
Finally, the last step involves the aggregation,
quantification, and accuracy assessment of the land cover
change detection results. The study area is a part of the
city of Tabriz. This city is located at 46° 25'east longitude
and 38° 2" north latitude from the Greenwich meridian,
with an approximate elevation ranging from 1300 to
2100 meters above sea level. Additionally, it is situated
in UTM Zone 38. To identify urban changes in this study,
as mentioned, two sets of data have been used: one is the
base map image from the Ultracam aerial camera for the
year 2013 in Tabriz, and the other consists of 585 UAV
images from the year 2022 from an area of the city of
Tabriz. The UAV images were captured using a
SONY _ILCE2000 camera with a 16mm focal length and

were taken in a vertical orientation.

Results and Discussion

After producing the UAV orthophoto and assessing its
accuracy, it was determined that the planimetric accuracy
of the process was approximately 8 centimeters, and the
altimetric accuracy (considering the ellipsoid height
separation from the geoid) was approximately 14
centimeters. As evident from the visual interpretation of
the change detection map of classes and land use, many
areas in the building class have remained unchanged.
This is predictable given the urban nature of the study
area and the high density of building areas within it. From
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the analysis and review of the quantitative results of class
change detection built by the maximum likelihood
classification method, it is found that the highest and
lowest land use changes are from the building class to the
road class with 9.7660% and from the road class to barren
land with 1.5627%, respectively. Additionally, from the
evaluation of the quantitative results of class change
detection using the minimum distance method, it can be
concluded that the highest percentage of land use changes
is from the building class to the road class with 8.9948%,
and the lowest is from the road class to barren land with
0.9934%. Another objective of this study is to compare
and analyze the kappa coefficient and overall accuracy
obtained from change detection using the maximum
likelihood classification and minimum distance
classification algorithms. As a result, based on the
findings of the study, the maximum likelihood method
demonstrated better accuracy and is preferred over the
other method. However, this does not imply the complete
superiority of the maximum likelihood algorithm over
the minimum distance algorithm, as the minimum
distance method performed better in classifying features
in some image areas. In this research of land use change
detection, the maximum likelihood algorithm showed
significantly higher accuracy and better performance
compared to the minimum distance method.

Conclusions

Various methods are available for change detection in
remote sensing images. The objective of this study is to
evaluate the performance of two pixel-based
classification methods for identifying land use changes
using images acquired from aerial digital cameras and
UAV data. The use of these high-resolution images
obtained from such platforms provides advantages such
as reducing the preprocessing operations compared to
satellite images and improving the accuracy of the
change detection results. The results show that the
accuracy of change detection in urban areas using The
Ultracam orthomusaic basemap and pixel-based
classification methods is at an acceptable level. It is
noteworthy that in the study area considered in this
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research, the accuracy of the maximum likelihood
classification is better than the other method, but there is
a possibility that the minimum distance method may have
superior accuracy in other study areas. Additionally, it
can be stated that although the two classification methods
have performed similarly in terms of providing overall
change detection results, they have shown different
performances in presenting statistics and Fig. s for land
use changes. Another important aspect of this study was
assessing the feasibility of change detection using high-
resolution images obtained from various platforms with
different spatial resolutions, which, according to the
results of this research, is implementable. Evaluating the
use of high-resolution images obtained from the same
platforms and examining object-based classification
methods for detecting land use changes using high-
resolution images are also areas that can be explored in
future research.
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Image captured by UAV of Study Area From 2022 at an altitude of 150 meters
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Table 2. Analysis and comparison of kappa coefficient and overall accuracy obtained from supervised classification algorithms

Classification Method Overall Accuracy(Percent) Kappa Coefficient
Mahalanobis distance classification 45 0.3
parallelepiped classification 38 0.22
Neural Net classification 18 0.05
Suppurt Vector Machine 22 0.08
Spectral Angel Mapper Classification 30 0.14
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Fig. 5. Overlapping and registering of drone orthophoto and Ultracam orthomosaic images (Source: Research findings)
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Fig. 6. Image achieved from the classification of the UltraCam orthomosaic using the minimum distance method (Source:

Research findings)
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Fig. 7. Landuse changes mapping based on maximum likelihood classification (Source: Research findings)
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Table 3. Comparison of maximum likelihood and minimum distance methods for UltraCam image

Accuracy/ Classification Method Overall Accuracy(Percent) Kappa Coefficient
Maximum likelihood 85% 0.7674
Minimum Distance 50% 0.2593
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Table 4. Comparison of maximum likelihood and minimum distance methods for UAV orthophoto images

Accuracy,/Classification Method Overall Accuracy(Percent) Kappa Coefficient
Maximum likelihood 92.5226% 0.8868
Minimum Distance 66.6666% 0.5
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Table 5. Comparison of maximum likelihood and minimum distance methods in detecting changes

Change Detection utilizing/ accuracy

Overall Accuracy of Change

Kappa Coefficient of Change

Detection Detection
Maximum likelihood 97.1176% 0.8924
Minimum Distance 69.2308% 0.5273
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Table 6. Quantification of the results of identifying land use changes using the maximum likelihood method

Changed Area of Region
Former Landuse Current Landuse (m?) Changed Percentage
Building Building 16.76034 18.815059
Building Road 00.39466 9.766073
Building Bare Land 32.22213 5.496805
Road Building 60.9085 2.248280
Road Road 40.56485 13.977614
Road Bare Land 16.6315 1.562720
Bare Land Building 08.9687 2.397120
Bare Land Road 12.23561 5.830325
Bare Land Bare Land 20.9990 2.472128
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Table 7. Quantification of the results of identifying land use changes using the minimum distance method

Changed Area of Region
Former Landuse Current Landuse (m?) Changed Percentage

Building Building 105016.00 25.986770
Building Road 36349.28 8.994824
Building Bare Land 10304.76 2.549968
Road Building 13612.72 3.368540
Road Road 51932.72 12.851029
Road Bare Land 4014.48 0.993405
Bare Land Building 7705.48 1.906762
Bare Land Road 19880.24 4.919472
Bare Land Bare Land 3983.72 0.985793
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Fig. 8.a) Digital Image of UltraCam, b) Digital Image of UAV (Source: Research findings)
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Fig. 9.a) Change area using maximum likelihood, b) Change area using minimum distance (Source: Research findings)
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