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Change detection of lakes is important to monitor ecosystem health and wind
erosion process in arid environments. The main purpose of this research is to
evaluate unsupervised classification based on vegetation indices to monitor Land
cover changes (LCCs). The Hamoun Biosphere Reserve is located in the east of
Iran and is considered one of the most important wetlands in the center of the Iran
Plateau. To detect land cover changes, using Landsat images from the 1990s,
2000s, 2010s and 2020s ground control points (GCP) and spectral profiles, four
major land cover classes were obtained (sparse vegetation, dense vegetation, bare
land, and water bodies). To create AOIs, the pure pixels were selected using
obtained spectral profiles of the main land types by GCPs in 2020. The
separability of representative AOIs by classes was examined by Jeffries—
Matsushita distances and scattering ellipse parameters. A maximum likelihood
classifier (MLC) was applied to Landsat images in 2020 with an overall accuracy
of 93% and a Kappa statistic of 0.90. Subsequently, based on Soil Adjusted
Vegetation Index (SAVI) maps, as additional input data, unsupervised
classification was used to classify the same images in 2020. The observed
accuracy and kappa statistic of the used classification technique was up to 0.91
and 0.89 respectively. The finding indicated that in 2000, the area of arid land
increased (90% of all areas) and became a major land use type, whereas water
bodies (74% of all areas in the 1990s) reached zero in this year. Yearly water
body changes revealed a severe dryness condition in this wetland. After 2000, in
most cases in subsequent years, the water body completely dried up and in the
seasonally flooded years, it did not exceed 10% of the total wetland’s area. On
the other hand, before 2000, on average, 60% of the wetland’s area was
dominated by the water class. Our study showed that in the time series without
GCP for monitoring past changes, an unsupervised SAVI-based technique could
provide acceptable accuracy in this region.
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1. Introduction

Environmental problems due to climatic factors and anthropogenic activities have long only
been considered for dry land ecosystems (Karmaoui, et al., 2014; Li, et al., 2016; Groisman, et
al., 2018; Jiang, et al., 2018; Xu, et al., 2019; Chen, et al., 2020; Sahabi and Moallem Banhangi,
2022). Lake area fluctuations are an important proxy of climate and environmental changes on
a regional scale in dryland ecosystems (Mason, et al., 1994; Kang, et al., 2015; Yang, et al.,
2020; Rahimi, et al., 2021; Sahabi, et al., 2022). Dryland lakes, as a major water reserve in arid
regions, play a key role in local socio-economic activity (Bai, et al., 2011; Wang, et al., 2021,
Lu, et al., 2022).

Land cover, together with land use type, forms a pattern of view in environmental studies
(Bashiri, et. al., 2017; Rousta et al., 2018). Determination of specific land cover and land use
spatial patterns is essential to assess the landscape as well as develop better facilities for land
management and conservation goals (Serban, et al., 2020; Pandey, et al., 2021,
Mansourmoghaddam et al., 2021). The acquisition of data that describe ecosystem health plays
an important role in land management. However, obtaining field data is often difficult and
limited when assessing and monitoring the land cover on a global and regional scale (Gong, et
al., 2013; Gao, et al., 2020; Liu, et al., 2020).

Remote sensing is a useful technology that facilitates data acquisition for environmental
observation (Alavi Zadeh, et al., 2013; Yuan, et al., 2020; Li, et al., 2020). It plays a significant
role in environmental monitoring and the management of extensive areas by creating a broad
as well as integrated vision of the region and providing facilities for recognizing land cover and
land use spatial patterns (Nagendra, et al., 2013; Kennedy, et al., 2015; Tmusic, et al., 2020).
Such features as wide viewing, using different parts of the electromagnetic spectrum to record
data about phenomena; above all, they are relatively low-cost and rapid, which contributes to
the widespread use of this method (Alavipanah, et al., 2007; Chen, et al., 2019). The main
characteristic of remote data sensing is its digitization, which provides the feasibility of object,
the analyses and reflects the state as well as changes in land cover/land use mosaic (Liu, 2015;
Tahsin, et al., 2021).

Satellite images should be processed and classified to create thematic maps of land cover
plus land use for specific environmental studies. The successful classification depends on the
accurate digital distinction of spectral reflections of categorical events (Yang, et al., 2002;
Dhingra, et al., 2019; Kaselimi, et al., 2022).

Various classification methods for LCC analysis, based on remote sensing data, have been
implemented and deployed (Zhao, et al., 2017; Abdollahi, et al., 2022; Yousefi, et al., 2022).
Typically, classification is performed on a pixel basis in two different ways: supervised and
unsupervised (Long, et al., 2002; Mohammady, et al., 2015; Kalidhas, et al., 2022). In
supervised classification, pixels in the image are segregated into known classes based on their
spectral values, while in unsupervised cases, pixels are segregated as groups or clusters based
on the pixel values themselves (Jensen, 2018; Berry, et al., 2020). The basic principle is that
similar pixel values should be grouped into a separate class. This method is used when little or
no information is available on the land cover classes (Alloghani, et al., 2020).

Some studies have recently applied various methods for classifying wetland land cover
changes (LCCs). For example, Soliman and Soussa (Soliman, et al., 2011) performed a
supervised maximum likelihood classification and the post-classification comparison change
detection to monitor wetland cover changes in the Nile swamps. The authors processed three
Landsat multispectral satellite imageries and classified land covers into five main land cover
classes. They concluded that the use of remote sensing algorithms and post-classification
methods can detect the area of changes in classes and reveal ecosystem dynamics. Mousazadeh
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et al. (2015) performed a supervised maximum likelihood classification for the LCC of the
Anzali International coastal wetland; they stated that supervised classification methods can be
useful for monitoring and behavior analyses of other Iranian wetlands. Chouari et al. (2021)
applied a maximum likelihood classification algorithm for identifying different land cover
classes of the Al-Asfar wetland. Additionally, the author proposed the normalized difference
vegetation index (NDVI) and the normalized difference water index (NDWI) for separating
green crop cover areas and water features from other land covers. They also proposed an
unsupervised ISO-cluster classification method to reveal changes in the different resulting
classes in the study area. Talukdar et al. (2021) employed supervised and machine learning
classifiers for the mapping of the wetland inundation area using Artificial Neural Network
(ANN), Random Forest (RF), Support Vector Machine (SVM), Maximum Likelihood
Classifier (MLC), Parallelepiped (PP), and Spectral Information Divergence (SID). Their study
showed that SVM has better accuracy than the other methods. Ahmed et al. (2021) presented a
wetland classification by applying unsupervised K-means cluster classification and supervised
SVM algorithms, using Landsat data to model NDVI and NDW!1 as auxiliary data. Their results
indicated that the employed methodology was a simple and robust classification based on
advanced unsupervised and supervised algorithms. The literature reviews suggested that -based
remote sensing methods have resulted in several wetlands LCC monitoring studies. These
methods can well represent the wetland dynamics for sustainable wetland management.

One of the main problems in LCC monitoring in regions such as the Hamoun Biosphere
Reserve is the lack of accurate georeferencing information from the past. Although it is time-
consuming and difficult to access the study region, satellite imagery and remote sensing
technology make it possible to analyze the situation and visualize past LCCs in areas where
field data are not available. Additionally, using auxiliary data such as vegetation indices can
detect LCCs in high accuracy (Almalki, et al., 2022). The obtained information can be used for
developing better LCC management strategies (Lv, et al., 2022; Opedes et al. 2022). The
number of studies on LCCs using Landsat images has been increasing substantially since 2008
(Zhu, et al., 2020; Kumar, et al., 2021), and many studies have been conducted to evaluate
LCCs with the support of Landsat images (Muttitanon, et al., 2005; Sonnenschein, et al., 2011;
Hansen, et al., 2012; Nutini, et al., 2013; Venter, et al., 2020; Wulder, et al., 2022).

Different image classification techniques are used in almost all thematic studies that
implement the use of remote sensing data. Currently, we have a considerable amount of satellite
imagery available in near real-time mode for monitoring purposes and massive data available
as an archive for retrospective analysis as well as the study of environmental interdependencies.

This situation has led to the implementation of highly automated machine learning
techniques, which could be applicable for operations with big data (or at least big-size datasets)
and could generate valuable, comparable, and representative results (Li, et al., 2020;
Alshahrani, et al., 2021). Unfortunately, it is unfeasible to build fully automated and
autonomous analysis techniques, mainly because of the high dynamics and high complexity of
the environment as well as the understudied details of numerous environmental processes.

In recent years, the Google Earth Engine platform (GEE) has been able to facilitate many
satellite image processing analyses (Pande, 2022). One of the advantages of this platform is its
extensive library of spatial data which allows users to perform complex analyses on satellite
images (Yang, et al., 2022). The free-to-use GEE is a cloud computing platform that provides
the possibility of extracting water resource information such as water surface area, runoff,
revealing flooded areas, etc. (Wang, et al., 2020; Jiang, et al., 2021).

The arid Iranian plateau is a vulnerable ecosystem (Rastegar-Pouyani, et al., 2015), and the
Hamoun Biosphere Reserve, located in the dry part of the central Iranian plateau, is a terrestrial
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and wetland ecosystem. Under the harsh environmental conditions of a hot and dry climate, this
lake plays an important role in the environment and human living conditions in eastern Iran and
western Afghanistan (Dahmardeh, et al., 2019; Sanadgol, et al., 2022). Over the last two decades,
the Hamoun Biosphere Reserve has experienced severe drought due to anthropogenic activities
(Kharazmi, et al., 2018; Ehsani, et al., 2021). Thus, it is vital to study this lake's dynamics to
understand the patterns of changes and the impacts on regional socio-economic activities.

Our study investigated the spatial and quantitative dynamics of LCC in the Hamoun
Biosphere Reserve using Landsat data by developing an algorithm for selecting AOIs and
evaluating the results of supervised plus unsupervised classification based on vegetation
indices, providing information about the recent and historical LCC conditions of the wetland.
Additionally, we searched for ways to use unsupervised classification as a reliable automated
method for monitoring LCCs in dry-land lakes.

2. Material and Methods

2.1. Study area

Hamoun Biosphere Reserve is a segment of the Hamoun wetlands located in the East of Iran at
the end of Hirmand Basin, one of the driest regions in the world (Fig. 1), between 30° 10" and 31°
14" of North latitude and 60° 58" and 61° 20" East longitude. The study area covers 1,930 km?.
Low precipitation and high evaporation are the main climatic character of this region. The annual
rainfall in the Sistan Basin is about 50 mm. One of the main factors affecting weather conditions
in the region are strong 120-day winds, which make Sistan one of the windiest arid regions in the
world (Rashki et al., 2013; Rezaei and Ghofranfarid, 2018). Due to strong winds and
temperature, the average annual evaporation in this area is up to 4000 mm (Vekerdy et al., 2006).
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Fig. 1. Location of the study area with false color of Landsat OLI in 2020 (a) and a view of the dried
bed of wetland(b) (photo by Mehdi Kavei)
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Consequently, full-fledged life and economic activities are possible only if external sources of
water are available. The main water source of Hamoun Biosphere Reserve is the Hirmand River,
which brings fresh snow and meltwater from the Hindu -Kush Mountains making this wetland
the only source of viable habitats in the region. This wetland provides water for agricultural
activities, livestock grazing, and fishing.

2.2. Data sources

Since 1972, the Landsat satellite has continuously been collecting land surface data and
providing valuable data for LCC monitoring. Annual visual interpretation of the Landsat series
in this region indicated that, in the 2000s, this lake had become bare land, and three periods
could be defined (Vekerday et al., 2006; Kharazmi et al., 2018):

1-The period in which the Hamoun Biosphere Reserve was a permanent lake and water was
the main land cover (1990-2000),

2-Dry period, in which the lake totally changed to bare land and became a seasonal lake
(2000-2010),

3- The period in which the balance of inflow and outflow-maintained vegetation cover
(2010-2020).

According to these periods, Landsat data were collected in 1990, 2000, 2010, and 2020 to
monitor decadal LCC (Table 1). Based on Landsat data for the relevant years, land type trends
were analyzed throughout the territory. Previous studies have demonstrated that due to climatic
factors, the dynamic changes of wetlands in May and June are more significant than those in
other seasons (Wang, et al., 2019; Jiang, et al., 2021). Thus, to detect decadal LCCs, all
analyzed time series images were selected in June.

Table 1. Data used in this study.

Satellite Data Path/Row Resolution Date Cloud cover
Landsat-5 (TM) 157/039 30m 12 JUN 1990 <10%
Landsat-5 (TM) 157/039 30m 7-JUN 2000 <10%
Landsat-5 (TM) 157/039 30m 19-JUN 2010 <10%
Landsat-8 (OLI) 157/039 30m 24-JUN 2020 <10%

Other data
Google Earth Varying resolution 2020
Field observation JUN 2020

2.3. Image pre-processing

The software ERDAS Imagine 2014 and ENVI 5.3 were used for image processing. The Landsat
collection pre-processing involves geometric and radiometric calibration, top of the atmosphere
reflectance (TOA), and surface reflectance (Ali, et al., 2018). Geometric correction of images
was done by the image-to-image model (Vekerdy, et al., 2006; Maleki, et al., 2019), using 21
control points with an accuracy of 0.3 to 0.5 pixels. Additionally, radiometric and atmospheric
correction of all images was applied using the module FLAASH ENVI 5.3 and pixel values were
converted to reflectance values, which range from 0 to 1 (Maas, et al., 2010; Zhai, et al., 2022).

2.4. Field data
To determine the characteristics of land cover classes, all major land covers were acquired by
conducting field sampling in June 2020, analyzing topographic maps, and examining the
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spectral characteristics of land cover, followed by visual interpretation in Google Earth Pro
(Gill, et al., 2010). The land cover classes were aggregated into four general groups (Table 2).

Table 2. The land covers types at the study area

No  Land Cover Type Short Description
1 Water Territories covered with deep water
2 Bare land Territories covered with vegetation less than 10 %.
3 Dense Vegetation Rangelands and territories are covered with canopy vegetation of more than 20 %.
4 Sparse vegetation  Rangelands and territories are covered with canopy vegetation between10- 20 %.

2.5. Classification
The reliability of change estimates, in this case, depends on the image classification accuracy
(Zhai, et al., 2019).

In a supervised classification, the quality and quantity of the training samples are important
issues. Thus, their appropriate preparation is a crucial step in the workflow (Malinowski, et al.,
2020).

The main requirement for the areas of interest (AOI) polygons is their representativeness.
Sample pixels must correspond to the same class on the ground. In this study, to create AQlIs,
the pure pixels were selected using obtained spectral profiles of the main land types in 2020.
Next, the pixels with similar spectral characteristics around these control points were selected
using the "Region Grow" properties tool in ERDAS Imagine; wherein, depending on the size
of similar areas, 100 to 400 pixels were grouped in a single AOI. For each class, 10 AOIs were
selected in different parts of the image, after which these AOIs were combined into one class.

One of the main characteristics of the vegetation cover in arid regions is its sparseness (Zhu,
et al., 2022). When selecting samples, it is necessary to validate the spectral separability
between vegetation and non-vegetation classes. Signature separability is calculated as the
statistical difference between two spectral signatures. The estimation of the separability
between classes is examined by Jeffries—Matsushita (JM) distance, which also considers the
values of dispersion (covariance) within the samples.

JM; = 2(1 —e™) @)

Ci—Cj |Ci—Cj/2|

1 T 1 1
x==(wi—p) XD Tx(y—p)+-Ln| —= 2
S(mi—w) X 5D x (W — ) +5Ln o )

Where, pi and pj represent the mean values, and Ci and Cj denote the covariance matrices
of the classes i and j respectively (Swain and Davis 1978; Dabboor, et al., 2014).

The JM distance has an upper and lower bound between 0 and 1414. If the calculated
divergence is equal to the corresponding upper bound, then the signatures will be considered
completely separable in the studied bands (Viennois, et al., 2016; Jensen, 2018).

Additionally, to assess the quality of created AOIs, scattering ellipses parameters were
calculated from the brightness values of sample pixels, along with the average values and
standard deviations of the pixels stored in the files of training samples. This parameter is used
to represent ellipses of different classes in a two-dimensional feature space (Xu, et al., 2019).
In this method, if the ellipses in the scatterplot have significant overlap, then the pixels
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representing these samples cannot be separated by spectral characteristics in these zones.

The test areas (AOIls) belonging to each class were selected, and the land cover was
determined further based on the results of the field observations in 2020. For each land use
class, the test areas were divided into two groups: training and control. Image classification was
performed using the ERDAS Imagine MLC algorithm with training samples.

To ensure a unified approach to assessing classification accuracy, the Maximum Likelihood
Classifier (MLC) was applied to the 2020 time-series image. MLC was recommended to
analyzing satellite images in some studies in dry land ecosystems and compared to other
classification algorithm, this algorithm has most accurate results in dry lands (Ajaj et al., 2017;
Kharazmi et al., 2018; Chughtai et al., 2021; Stavi et al., 2023). MLC is a supervised
classification technique that works based on multivariate probability density function of classes.
The MLC method is based on the concept of the likelihood function of a reference sample in
class C (Ahmad and Quegan, 2012; Gaikwad, et al., 2019). Based on the training sample data,
the mean measurement vector (Mc) and the covariance matrix (Vc¢) are calculated for each class
(C) plus spectral range (K). According to the obtained results, pixel X belongs to class C if:
Pc>Pi, where i=1, 2, 3...m; m is the number of classes; Pi denotes the probability that the given
class exists. In this case, the probability of Pc is determined by the following formula:

(X-Mc)Tx(X—M¢)
V¢

Pc = (—0.5 X loge(det(Vc))) — [0.5 X (3)

In this algorithm, each selecting training class should follow a Gaussian distribution (Mishra,
etal., 2017).

Due to lack of ground information in all-time series, we used unsupervised method to
classify the images without GCPs. Since in this study, we focused on comparing and estimating
the accuracies of supervised as well as unsupervised classification techniques in detecting
LCC’s, we decided to use vegetation indices as auxiliary data for validation purposes. For this
purpose, the SAVI (Othman, et al., 2018) was calculated for the 2020 satellite imagery scenes,
and subsequently unsupervised classification was performed based on the results of this index.

In our case, the SAVI was used for detecting LCC’s and assessing the land cover
classification quality. This vegetation index gives the most accurate correlations with the total
biomass of vegetation in dry region (Huete, 1988; Bezerra, et al., 2022).

(NIR-RED)
(NIR+RED+L)

Where,

NIR = reflectance value in the near-infrared band of the multispectral imagery;

RED = reflectance in the red band;

L = soil brightness correction factor, which varies depending on the amount of green
vegetation between 0 in highly vegetated regions and 1 in regions without green vegetation,
with a default value of 0.5.

The efficiency of the SAVI application for the selected study region is explained by the fact
that the SAVI minimizes the variations of spectral vegetation properties, which are influenced
by different types of soil (Kharazmi, et al., 2016; Karkon Varnosfaderani, et al., 2017). To
determine and estimate the accuracy of the SAVI-based classification technique used for
unsupervised classification, supervised classification of the same satellite imagery scenes was
performed. For this purpose, we used the field observation and sampling data collected at the
previous stages of our research (Yuan, et al., 2005; Sharifikia, et al., 2017) as well as from the
Google Earth Pro archive.

SAVI = X (1+1L) @)
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2.6. Water body extraction

Annual water body area of wetland was extracted using modified normalized difference water
Index (MNDWI) in GEE platform in June of each year using Landsat images (Khalid et al.,
2021; Condeca et al., 2022). This index was developed to highlight the water features in the
images from the green and Shortwave-Infrared (SWIR) bands, which can separate water areas
from the other classes with acceptable accuracy (XU, 2006; Rad, et al., 2021).

(GREEN-SWIR)-1)
(GREEN+SWIR)—1)

mNDWI = (5)

GREEN = reflectance value in the green band of the multispectral imagery;

SWIR = reflectance in the short wave infrared band.

To examine the accuracy of final water body maps generated with mNDWI, the MLC maps
resulting in 1990, 2000, 2010, and 2020 were compared with the results of mMNDW!I in these
years where overall accuracy were calculated.

2.7. Post-classification

The post-classification comparison change detection technique was then employed for
comparing four classified images of land use and land cover in 1990, 2000, 2010, and 2020.
This method visually explores the trend of change and is among the most suitable and
commonly applied techniques to reveal the increase and decrease of changes in the study area
using multispectral image data (Petropoulos, et al., 2015; Chouari, 2021). The percentages of
gain or loss of classes are then determined for each change detection map with respect to the
total area.

3. Results

The algorithm developed for selecting and evaluating the quality and separability of AOIs with
the analysis of the spectral profiles of the classes, JM distance, and scattering ellipses
parameters provided reliable accuracy of the training samples on the 2020 image. Its application
ensured high separability and representativeness of samples in the construction of AOls for the
classes "Sparse vegetation” and "Bare land" in arid regions (Fig.2). The best average separation
of JM distance was greater than 1414 and demonstrate a reliable separability accuracy of classes
(Fig.2a). Two-dimensional feature space of scattering ellipses plot indicates that there is no
significant overlap between AOIs, which means acceptable extent of samples separability
(Fig. 2c)

Accuracy assessment was performed to evaluate the results of the MLC on 2020 Landsat
images based on ground control points. The overall classification accuracy was 93%, with a
Kappa index of 0.90. Overall accuracy of more than 70% and a Kappa coefficient of more than
0.85 are considered a successful classification (Talukdar, et al., 2020).

To separate the territories that have diversity in reflection corresponding to the defined land
cover types in the study area, unsupervised classification using the cluster method was applied
for 2020 satellite images (Fig. 3b). Satisfactory results could not be achieved via this technique
because of the proximity of spectral reflections along the territory and the inability of the
software as well as algorithms to complete the separation conditions. As a result, it is important
to rely on vegetation indices to confirm the classification accuracy. The results of unsupervised
SAVI-based classification are shown in Fig. 3c. The observed accuracy of the used
unsupervised classification technique was up to 0.91 (considering the data of field sampling),
indicating a successful classification. Additionally, we calculated the Kappa statistics; the
calculated value was 0.89.
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Distance Measure: Jefferies-Matusita
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Fig. 2. a) Separability of AOIs based on JM distance; b) Spectral profiles of main land cover classes
and c) assessing pixel deviation based on construction of scattering ellipses between NIR and Red
channels in 2020 image
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Fig. 3. The result of supervised classification (a), unsupervised classification (b), and unsupervised
SAVI-based classification (c) in 2020.

Comparison of SAVI-based classification and MLC revealed that SAVI-based classification
differentiated sparse vegetation and bare lands with acceptable accuracy. According to the
results of SAVI mapping, unsupervised classification was performed for all scenes. The results
of this SAVI-based classification are presented in Fig. 4b.
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Table 3. The percentage of land cover types calculated for scenes of years 1990, 2000, 2010 and 2020
using unsupervised SAVI-based classification results.

Land Cover Type 1990 2000 2010 2020
Water 74.48 % 0 6.01% 10.85%
Bare land 23.6 % 88.3 % 87.68% 60.65%
Dense Vegetation 1.91% 3.26 % 2.37% 6.22%
Sparse vegetation 0 8.44% 3.94% 22.86%

Additionally, the percentages of four selected land cover classes were calculated to estimate
the LCCs that took place between the different times of image acquisition and to estimate the
classification quality. For the unsupervised SAVI-based classification, we also mapped three
classes of land cover in 1990 and 2000 plus four classes in 2010 and 2020 in our region (Fig.
4b). The results show that in the 1990 time series, water was the major land cover class, whereas
in the 2000 time series, bare land was the main land cover. The final step was the accurate
estimation of the SAVI-based unsupervised classification. As a benchmark for this quality
estimation, the area percentage for each class was calculated using supervised classification
results (Table 4). Comparison of Tables 3 and 4 shows that our methodology has been accurate
enough to detect LCCs in dryland wetland ecosystems.

2010 2020

@® Water @ Dense vegetation @a»Sparse vegetation COBare Land

Fig. 4. The results of supervised classification(a), and unsupervised SAVI based classification (b)
for all study times.
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Table 4. The percentage of land cover types calculated for scenes of years 1990, 2000, 2010 and 2020
using supervised classification results

Land Cover Type 1990 2000 2010 2020
Water 74.81 % 0 5.8% 11.92%
Bare land 22.48 % 87.52 % 88.1% 59.08%
Dense Vegetation 2.71% 3.88 % 2.3% 6.84%
Sparse vegetation 0 8.6% 3.8% 22.14%

As reported in Table 4, in 1990, water was the dominant land use type, covering 74.81% of
the study area. However, the area of bare land increased in 2000, covering 87.52% of the study
area, but decreased to 59.08% in 2020. Sparse vegetation increased from 0% in 1990 to 22% in
2020. This change shows that although the water class was subjected to a loss of about 69% in
2020, the vegetation cover class had grown by more than 20% in the wetland’s bottom. It is
important to note that the vegetation cover is limited to humid areas (Fig. 4), where seasonal
floods provide the necessary moisture.

Additionally, to understand the quantitatively temporal change of each classes and remaining
ground cover unchanged in two periods of time, we use post classification comparison method.
For this purpose, the mask of each class was placed on the classification results of the next
period. Fig. 5 depicts the magnitude of LCCs in four time series over the entire study area.
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Fig. 5. Change (percentage of total area) in areas of land cover in the study area

The results indicate the dynamics of LCCs observed during a period of three decades.
According to the results, between 1990 and 2000, severe drought caused the complete
disappearance of water resources and transformed the water area into bare land (Fig. 5).

Annual fluctuations of water body in this wetland are shown in Fig. 6a. The error between
non water in 1990, 2000, 2010, and 2020 MLC results and water body zone in mNDWI has
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been 2.5%, 0%, 7.35%, and 6.69% respectively, which is acceptable to present a clear picture
of yearly water body changes across the studied time series. Based on the results, before 2000,
approximately 60 % of study area was dominated by water class and it was the major land cover
in this wetland. After a severe drought in 2000, in most cases in subsequent years, the water
body completely dried up. Comparison of the results of the annual changes in the area of water
class with the amount of water inflow of Hirmand River to this lake (fig. 6b) shows that this
lake is completely dependent on water sources in the outside of the basin. Between the 2000
and 2005, the studied area was totally dried, and the bare land was the major land cover of study
area. From 2005 to 2008, because of spring floods, the area of the water class reached 10% of
the entire border of the lake but dried in the period from 2008 to 2013, and this ecosystem
experienced a severe dry-up where water area was zero. In the last 5 years of the study time,
flood water has provided the required moisture for vegetation and this class grew up.
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Fig. 6. Annual fluctuations of water body in Hamoun biosephere reserve using mNDWI (a) and
Annual inflow of water (MCUM) through the river Hilmand (b)

4. Discussion

In this work, we used Landsat imagery to quantify LCCs in the Hamoun Biosphere Reserve,
using pixel-based classification methods. Due to limited ground data for the study area, we
performed MLC based on GCP's in 2020. The developed algorithm for selecting and evaluating
the quality plus separability of AOIs with analyzing spectral profiles of classes ensured high
efficiency of its application in creating training samples for automated classification of the
study area. The training samples used in our methodology were taken using GCPs and spectral
profiles. Accordingly, the pure pixels were detected for each class, based on which the neighbor
pixels with similar spectral characteristics were selected for creating AOIs using "Region grow"
properties tool in ERDAS Imagine. The accuracy of AOIs separability for each class was
examined by JM distance criterion and scattering ellipse parameters. Our results revealed that
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JM and scattering ellipses are useful for evaluating the separability of test and training class
samples in the case of supervised pixel-based data classification. To detect LCCs over the past
30 years, a SAVI-based unsupervised classification method was used for classifying the same
image in 2020. Comparison of the MLC and SAVI-based classification results showed an
overall accuracy of 89% for our method. Comparing the results with other studies (Ajaj et al.,
2017; Mansourmoghaddam et al., 2022) showed that this method provides the most optimal
algorithm to monitoring LCC in the region without GCPs. Based on this method, other images
from 1990, 2000, and 2010 were classified, and the spatial distribution of land use categories
was extracted. The annual fluctuations of water area were calculated using mMNDW!I in GEE
platform, and in this way, the changes across the time series of the studied area were
investigated.

From 1990 to 2020, water volume diminished, causing a corresponding increase in the extent
of grasslands (> 20%) and bare land (> 60%). From 1990 to 2000, surface water dominated the
study area, accounting for a larger area than any other land cover in most of this decade. Over
the second decade (2000-2010), despite the spring floods in some years and temporary
accumulation of water in the northern part of the lake, the Hamoun Biosphere Reserve became
almost completely dry, and bare land was the main land cover class. After that, surface water
was restricted to the seasonal river delta, and along the last decade (2010-2020), grasslands
were extensive and covered about 22% of the wetland’s bottom.

Use of Landsat time-series indicated that after the 2000s, the southern part of the Lake
became bare, and vegetation cover was limited to the northern areas, where seasonal floods
bring sufficient moisture to ensure the survival of the vegetation. The results for the masked
classes on the next time series showed that more than 90% of the water bodies was changed to
bare land in the 2000s.

Comparing the changes of each class by masking them in 1990 and placing them on the
classification results for the 2020s revealed that at the time of the study, more than 50% of the
water-covered area changed to bare land, and approximately 30% of this class was replaced by
a sparse vegetation cover. Our findings demonstrated that extremely high fluctuations occurred
across the entire surface water areas.

The annual changes of the water class compared to the discharge of Hirmand River indicated
that the survival of this biosphere reserve directly depends on water supply by this river.

More than 40% of the livelihood in this region directly depends on the pastures and the water
bodies of the Hamoun Biosphere Reserve (Dahmardeh, et al., 2009). The loss of moisture and the
subsequent reduction in vegetation density directly affect the local economy (Sharifikia, et al.,
2013). Immigration and fuel smuggling is a clear example of the negative effects of lake drying-
up on the local economy (Dahmardeh, et al., 2012; Janparvar, et al., 2017). Additionally, due to
the strong winds in summer (Rashki, et al., 2013; Hamidianpour, et al., 2021), the dry bed of the
lake becomes susceptible to dust storms, causing severe problems (Miri, et al., 2007). In this
context, LCC monitoring showed that the fragility of the Hamoun Biosphere Reserve
environment has driven the ecological system to its current state, with far-reaching impacts on
human life. Other studies shows that there is a linear relationship between the drying up of water
bodies and increasing land surface temperature (Mansourmoghaddam et al., 2023). this is the
major point in the areas like Hamoun biosepher reserve that directly impacts on biodiversity

The purpose of this study was to monitor the LCCs of Hamoun Biosphere Reserve by
detecting wetland cover changes. Although the remote sensing data and techniques proved
valuable for LCC monitoring, to comprehensively examine the causes of LCC's, it is necessary
to investigate the climatic parameters and river water discharge as well as to determine the
contribution of each of these parameters.
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5. Conclusions

The results of the satellite imagery classification were compared to identify the LCCs in the
Hamoun Biosphere Reserve. Accuracy estimation of the classification results can be used as a
measure of change detection reliability. Thus, the accuracy of image classification is highly
important. Use of auxiliary data such as vegetation indices can improve the accuracy of
unsupervised classification. According to our results, unsupervised classification cannot
identify classes correctly because of the closeness of the reflectance. Numerical calculations of
land cover based on supervised and unsupervised SAVI-based classification indicated that
despite small differences among the obtained results, unsupervised SAVI-based classification
could provide acceptable accuracy in this region.

Investigation of the minimum water requirement of the Hamoun Biosphere Reserve requires
the study of all human, natural, and climatic factors of the Sistan Basin. It is necessary to revise
the international laws in allocating the water right of this lake from the Hirmand River. Based
on our results, there is a severe tendency for desertification in the study area. However, since
the determination of the landscape changes requires a study with high accuracy, it is necessary
to select an accurate method to determine phenomena using field data and appropriate
vegetation indices for evaluating ecosystems.
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