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Objective: The growth of settlements and the increase in human activities in floodplains,
especially riverbanks and flood-prone areas, have increased the amount of damage caused
by this hazard. Therefore, determining the extent of flooding in line with risk reduction,
preparedness and response, and recovery and rehabilitation planning after this hazard is of
great importance.

Methods: Research Method: In the present study, common machine learning algorithms
and Sentinel 2 image classification were used to produce land cover maps, detect flood
zones, and determine the area of land damaged by the April 2019 flood in Aqgala County.
Also, in order to examine and increase the accuracy of the algorithms, three normalized
spectral indices of vegetation (NDVI), water areas (MNDWI), and built-up areas (NDBI)
were combined with the images used. Different parameters of each algorithm were
evaluated using spatial cross-validation to determine their effect on classification accuracy
and to prevent optimistic results due to spatial correlation between the training and
experimental samples.

Results: The results showed that the combination of spectral indices led to an increase in
the overall accuracy of the algorithms and in order to produce land cover maps, the random
forest algorithm with an accuracy of 83.08% due to the use of the ensemble learning
method has higher accuracy and generalizability than other support vector machine and
neural network algorithms with an accuracy of 11.79 and 44.75%, respectively. After
determining the most accurate algorithm, the floodplain map was produced using the
random forest algorithm in two classes of irrigated and non-irrigated lands, and the overall
accuracy of the algorithm was 40.93% in the most optimal parameters and with the
combination of the spectral index (MNDWI). Then, by overlapping the land cover and
floodplain maps, the area of built-up land, cropland, and green spaces under flood damage
was estimated to be 2008.4 and 0772.41 square kilometers, respectively.

Conclusions: Based on the results obtained, the generated land cover and floodplain maps
provide reliable results for estimating and understanding the effects of flood risk.
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EXTENDED ABSTRACT

Introduction

People around the world face events every day that result in death, injury, property damage,
and disruption of daily activities. Floods, as one of the natural hazards, have threatened and
invaded rural and urban communities for a long time and have caused human and financial
losses. The growth of settlements and the increase of human activities in flood plains,
especially along the banks of rivers and flood-prone places, have increased the amount of
damage caused by this hazard. Therefore, flood is considered as one of the events that causes
damages to human societies. According to the report of the World Bank, after the earthquake,
the flood is the second natural disaster in Iran, whose destructive effects have affected
people's lives more than the disaster. Therefore, it is very important to determine the flood
extent in line with risk reduction planning, preparedness and response, and recovery and
rehabilitation after this hazard.

Methods

The use of remote sensing and GIS techniques in the shortest possible time provides accurate
mapping of the area affected by floods and provides the possibility of detailed investigation of
cases related to this hazard. Among the different types of satellite data, Sentinel 2 satellite
images are one of the sources of information that provide appropriate data with spatial and
temporal resolution in any situation, especially during floods. For this purpose, Sentinel 2
satellite images were used in this research. These images are related to the closest time before
the flood in order to produce land cover maps of the study area, as well as the peak time of the
flood in order to produce a map of flood zones. There are various methods for extracting
information from satellite data, in the current research, from the popular and advanced
algorithms of random forest, support vector machine and multilayer perceptron neural
network due to their high accuracy and flexibility compared to other algorithms. Were used to
produce land cover maps, reveal flood zones and determine the area of lands damaged by the
flood of March 2019 in Aqgla city. Also, in order to check and increase the accuracy of the
algorithms, three normalized spectral indices of vegetation (NDVI), water areas (MNDWI)
and built-up land (NDBI) were combined with the used images. The different setting
parameters of each of the algorithms were evaluated by spatial cross-validation method in
order to determine their effect on classification accuracy and prevent optimistic results due to
spatial correlation between training and experimental samples.

Results

The results showed that the random forest algorithm with an overall accuracy of 82.21%
compared to the support vector machine and artificial neural network algorithms with the
values of 78.96% and 73.58%, respectively, has higher accuracy and generalizability
regarding the production of land cover maps. has Also, the implementation of these
algorithms with the combination of spectral indices has led to a significant increase in the
overall accuracy of the algorithms, and the random forest algorithm is the most accurate
algorithm with 83.08% compared to other support vector machine and network algorithms.
Avrtificial neural networks are 79.11% and 75.44% respectively. Also, the spatial accuracy of
the land cover maps obtained from the aforementioned algorithms was calculated using 30
percent of the samples and the Kappa index was evaluated and compared. The results of this
index showed that there is a direct relationship between the overall accuracy of the algorithms
and the Kappa index. The random forest algorithm combined with spectral indices showed a
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coefficient of 82.38%, which is more accurate than the support vector machine algorithm with
75.52% and the neural network algorithm with 69.12% for the separation of land cover
classes. The random forest algorithm uses the collective learning method to separate the
classes, which leads to the reduction of variance, therefore it is one of the most accurate
machine learning algorithms. After determining the most accurate machine learning
algorithm, the map of flood zones was produced using the random forest algorithm in two
classes of water and non-water lands, and the overall accuracy of the algorithm in the most
optimal parameters and with the combination of spectral index (MNDWI) 93.40% and the
spatial accuracy of the flood zones map was obtained with a kappa index of 91.30%. With the
cell-by-cell measurement of the most accurate land cover map with flood zone map, the area
covered by flood in built-up lands was 4.008 square kilometers and in agricultural lands and
green spaces was calculated as 41.0772 square kilometers. Based on the obtained results, the
produced land cover maps and flood zones provide a reliable result in order to estimate and
understand the effects of flood risk.
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