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Table 1. The result of classification accuracy with different algorithms
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Abstract

The distinction between barren and build-up areas is one
of the most important issues in land use/land cover
mapping in arid and semi-arid climates. In this regard,
many researchers have tried to increase the accuracy of
classification using different methods that, some of
which are complex and time-consuming. Therefore, the
present study conducted aimed to apply micro-climate
change through the implementation of Local Climate
Zoning (LCZ) algorithm in land use identification with
emphasis on the separation of build-up areas in one of
the arid cities of Iran, and the efficiency of the method
by investigation the classification accuracy was
compared  with  various  supervised  methods
including maximum likelihood, minimum distance,
Fisher, KNN, fuzzy, artificial neural network and
support vector machine. The study area is Zahedan city,
which has a very significant growth of build-up areas in
recent decades. For this purpose, four periods of
Landsat satellite images year 2020 were used. Training
samples were extracted from Google Earth and the
validation of the
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classification results was performed using 218 random
points. The accuracy results showed that the use of LCZ
algorithm with overall accuracy and kappa coefficient
of 96.33% and 0.95, respectively is the highest and then
the support vector machine and Fisher methods with
overall accuracy of 86.61 and 83.03 and kappa
coefficient of 0.82 and 0.75, respectively. Therefore, for
land use / land cover studies, the LCZ method
that considers the micro-climate, is proposed.

Background and Objective

Rapid and uncontrolled population growth combined
with economic and industrial development has
multiplied land use change / land cover (LU/LC) rates
several times, especially in developing countries in the
later Twentieth Century and Early Twenty-First
Century. Quantitative evaluation of LULC changes is
one of the most effective tools for understanding and
managing the land change management, and in this
regard, the use of satellite imagery and remote sensing
techniques has many applications. The history of using
different classification methods is as old as satellite
images. Land use classification techniques have been
developed since 1950 and continue to this day. Land use
classification was initially manual until the advent of
technology and revolution in artificial intelligence
algorithms, classification processes became numerical
and digital. Which contains a list of all the traditional
and modern methods used in land classification. Due to
the multiplicity of methods for classifying satellite
images, there is a need to examine the accuracy of
different algorithms for LU/LC mapping to identify the
best classifier for different applications. The distinction
between barren and build-up areas is one of the most
important issues in land use/land cover mapping in arid
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and semi-arid climates. In this regard, many researchers
have tried to increase the accuracy of classification
using different methods that, some of which are
complex and time-consuming. Therefore, the present
study conducted aimed to apply micro-climate change
through the implementation of Local Climate Zoning
(LCZ) algorithm in land use identification with
emphasis on the separation of build-up areas in one of
the arid cities of Iran, and the efficiency of the method
by investigation the classification accuracy was
compared with various supervised methods including
maximum likelihood, minimum distance, Fisher, KNN,
fuzzy, artificial neural network and support vector
machine.

Materials and Methods

The study area is Zahedan city, which has a very
significant growth of build-up areas in recent decades.
This city is the capital of Sistan and Baluchestan
province and has an area of 31,250 square kilometers.
Zahedan city is located at an altitude of 1378 meters
above sea level and according to the latest census, the
population of Zahedan city was 560725 people until
2016. In order to classify land cover in this study,
Landsat 8 satellite images were used that downloaded
from the website of the United States Geological Survey
related to the dates of June 26, 202, July 8, 2020,
August 7, 2020, and August 22, 2020, related to path
and row 157 and 40, respectively. All satellite images
were applied to eight supervised classification methods
after atmospheric correction. These methods are some
parametric and some non-parametric. SVM, fuzzy
ARTMAP, ANN and LCZ methods are non-parametric
methods and maximum likelihood, KNN, minimum
distance and Fisher methods are parametric methods.
All classifications were performed using satellite bands
one to seven and bands 11 and 12 of OLI and TIR
sensors of Landsat satellite. Training samples were
extracted from Google Earth pro and the accuracy of the
classification results was performed using 218 random
points and measurement of kappa coefficient, overall
accuracy and accuracy of producer and consumer.

Results and Discussion

Several studies have reported that classification
accuracy is not the same in all classification techniques.
This study also showed this diversity in the results of
the eight hard supervised classifiers. The accuracy
results showed that the use of LCZ algorithm with
overall accuracy and kappa coefficient of 96.33% and
0.95, respectively is the highest and then the support
vector machine and Fisher methods with overall
accuracy of 86.61 and 83.03 and kappa coefficient of
0.82 and 0.75, respectively. Among the studied classes,

the class of build-up areas is distinguished with higher
producer and user accuracy from other classes among
all classifiers, and vegetation class has the highest range
of changes in producer and consumer accuracy in
studied methods. The similarity of the spectral behavior
of the features leads to the difficulty of classification,
which is more evident in arid and semi-arid regions,
including the study area to separate barren lands from
built-up areas. Many of the build-up areas are in the soil
bed and with roofs with natural materials similar to the
background that do not have a clear reflection difference
in many bands, but the LCZ method is able to identify
barren and build-up areas by subdivision of micro
climates. A visual survey of the different methods
showed that the LCZ method shows the built-in areas
with higher integrity, which is more in line with ground
reality (compared to Google Earth). One of the reasons
for the higher accuracy of this method is that it does not
change the code of the areas considered as training
samples, but other methods transfer the information
extracted from the training samples with different
algorithms to the whole region, including the location of
the training samples. A comparison of the result of the
LCZ classifier with Google Earth showed that the
boundary of the build-up areas is slightly larger than the
actual boundary, and the LCZ technique considers the
build-up areas as far as it is affected. Therefore, micro-
climate-based methods are able to show the areas
affected by human activities better than other methods.
Some researchers have emphasized reducing the number
of bands in order to reduce the complexity and improve
the classification accuracy, so the number of bands can
be considered as one of the limitation of satellite images
classifications. In the present study, considering this
issue and also for comparability of all methods, the
same bands averages were used for various methods of
classifying satellite images, but the LCZ method did not
have this limitation and to implement this classification
method all mentioned bands were used (without
averaging), which is another advantage of this method.

Conclusion

Among the studied eight supervised classification
methods in the present study, the LCZ method had the
highest accuracy. Due to its high accuracy, easy
application, considering the micro-climate of local
climates, and the possibility of using many bands in the
LCZ method, this method is recommended for LU / LC
studies, especially in arid and semi-arid regions.
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