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Abstract: Wetlands are valuable natural resources that provide many services to both the environ-
ment and humans. Over the past several decades, climatic change and human activities have had a
considerable impact on the water level of wetlands. Zarivar Lake, located in the northwestern region
of Iran, represents a significant ecological unit and aquatic ecosystem. In this study, from 2015 to
2022, the relationship between seasonal changes in Zarivar Lake's waterbody (LWB) area and
weather factors like precipitation, evapotranspiration, and the temperature of the lake's surface wa-
ter (LSWT) was examined. For this purpose, the Google Earth Engine (GEE) cloud platform, a pow-
erful and fast tool for processing the time series of images, was used. The LWB was extracted by
utilizing the average images of the dual-polarized SAR Sentinel-1 imagery for each season. Further-
more, meteorological parameters encompass the utilization of the Landsat-8 satellite's thermal band
to determine LSWT by using statistical mono-window (SMW), the CHIRPS rainfall model data for
assessing precipitation levels, and the employment of MODIS evapotranspiration products in the
form of 8-day data. The study revealed significant correlations between variations in Zarivar Lake's
waterbody area and meteorological factors. Correlation coefficients indicated a positive relationship
between LWB area and precipitation during the winter (r=0.67) and spring (r=0.73), while weaker
positive correlations were observed in the summer (r=0.29) and fall (r=0.30). Conversely, the LWB
area showed a relative relationship with LSWT, with positive correlations in winter (r=0.10) and
spring (r=0.26), and negative correlations in summer (r=-0.30) and fall (r=-0.07). Additionally, evap-
otranspiration parameters aligned with precipitation changes throughout the seasons, highlighting
the significant influence of climate on Zarivar Lake.
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Lakes are among the most important water resources for human consumption, agri-
cultural development, and industrial production. They are also recognized as an integral

part of the surface water cycle [1]. Changes in the area of lakes are significant indicators
of climate and environmental changes at regional and global levels [2,3]. It is predicted
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and air pollution, and discharge of waste materials into lakes [7,8]. Therefore, precise
monitoring of water body changes in lakes is of great importance for water resource man-
agement [9].

Despite traditional field measurements, remote sensing images have high coverage,
low cost, and the ability to acquire real-time information. Therefore, remote sensing sci-
ence has a wide range of applications in monitoring lake water bodies (LWB) at regional
and global scales [10]. There are various methods for extracting LWB from multi-spectral
and radar images. Some of the commonly used methods include band combination tech-
niques in images, classification-based methods, and threshold-based techniques. Syn-
thetic aperture radar (SAR) technology is a highly suitable option for monitoring surface
waters and wetlands on a seasonal and annual basis [11,12]. SAR has numerous features
that make it an ideal tool for monitoring water bodies over time. SAR has the capability
of imaging day and night, and it can penetrate through clouds in near real-time. These are
often limitations for optical and infrared satellite sensors [13].

Hydro-climatic factors play a fundamental role in determining water volume, area,
and predictable criteria. For example, Lake Mead, formed above the Hoover Dam and
alongside the Colorado River in the southwestern United States, demonstrates that net
evaporation and precipitation changes are related to the water volume of the lake [14].
From this perspective, identifying the effects of climate factors on changes in the water
area of lakes is of great importance. Al-Barqouni et al. (2022) conducted a study to inves-
tigate the correlation between the LWB area of Burdur, Egirdir, and Beysehir lakes and
the parameter of lake surface water temperature (LSWT). In this research, they used the
time series images of Landsat-5 and Landsat-8. The observations showed that with the
increase in the water surface temperature of the lakes over time, the water area decreased.
The correlation coefficients between LWB area and LSWT in Burdur, Beysehir, and Egirdir
lakes have correlation coefficients of -0.20, -0.41, and -0.76, respectively [8]. In another
study, Lichen Lu et al. (2023) investigated nine lakes of the Yungui Plateau in Yunnan
province, China. In this research, using Landsat satellite images from 1988 to 2021 and
with water indices. The findings showed that the relationship between the LWB area and
the rainfall data of the CHIRPS model has a direct relationship (positive correlation) and
an opposite relationship (negative correlation) with the temperature and evaporation data.
Also, the results showed that the evaporation factor was more effective in shallow lakes
than in deep lakes [15].

The contributions of the present study are as follows: 1) To initially detect and ana-
lyze the spatiotemporal variations in water surface areas and LSWT of Zarivar Lake, and
2) to investigate the seasonal changes in the water surface extent of Zarivar Lake from
2015 to 2022 and examine their connections with meteorological indicators, including pre-
cipitation and evapotranspiration.

2. Materials

2.1. Study Area

Zarivar Lake is located in Kurdistan province in the northwest of Iran (Figure 1). This
lake is the largest freshwater lake in the province and is one of the most valuable ecosys-
tems in Kurdistan province and western Iran, which has created suitable living conditions
for plants and animals. So far, 29 species of plants, 74 species of birds, 9 species of fish,
two species of mammals, three species of amphibians, and two species of reptiles have
been identified in the ecosystem of this region [16]. Zarivar Lake is located between a lon-
gitude of 46° 6' to 46° 10" and a latitude of 35° 30’ to 35° 35 and is located 3 km away from
Marivan city and its mean height is 1275 meters above sea level. Its minimum depth is 6
meters and its maximum depth is 12 meters.
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Figure 1. Location of Zarivar Lake in the district of Kurdistan province.

2.2. Earth Observation Data

In the context of earth observation and meteorological datasets for our research, a
multifaceted approach to gathering crucial environmental data is employed. To gauge the
precipitation dynamics, we relied on daily rainfall data from the CHIRPS model, allowing
us to compute the average rainfall within our study area for each season [17,18]. Comple-
menting this, we turned to the MOD16A2.006 evapotranspiration product, which affords
users the ability to access 8-day satellite imagery at an impressive 500-meter resolution.
Leveraging this resource, the evapotranspiration rates are extracted, averaging them
across the different seasons [19].

Additionally, Sentinel-1 SAR data into our toolkit incorporated. This invaluable re-
source facilitated the precise extraction of water surface area information, enhancing our
capacity to comprehensively analyze the study area's hydrological dynamics [20]. Also,
the thermal band in the Landsat-8 satellite images measures the radiance emitted by the
Earth's surface, allowing for the calculation of water temperature. This data is crucial for
understanding changes in aquatic ecosystems, tracking climate-driven variations, and as-
sessing the health of lakes and other water bodies [21].

3. Methodology

According to Figure 2, the implementation flowchart includes four parts: I) Firstly,
for Sentinel-1 satellite images, the images as average composites in each season have been
collected, II) Secondly, using Landsat-8 satellite images of surface reflectance products,
the lake water surface temperature with the SMW algorithm have been estimated, III) At
this step, the products of daily rainfall data from the CHIRPS model were used to calculate
the average amount of rainfall in the study area in each season. Also, for the evapotran-
spiration product MOD16A2.006, which provides users with 8-days with a resolution of
500 meters, the amount of evapotranspiration was obtained as an average in each season,
IV) In the fourth step, the relationship between changes in water area over time and me-
teorological data have investigated.
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Figure 2. The flowchart of the applied methodology for LWB.

3.1. Water Surface Extent

To extract the LWB with Sentinel-1 images, VV polarization was used. In the pre-
processing step, first, the speckle noise in the images using a Gaussian filter with 5x5 win-
dows were reduced. Then, by applying the Otsu threshold, the water class boundary from
the non-water class was separated [22]. Otsu introduces a threshold that maximizes the
separation between two classes, where the gray values of the image are divided into two
classes: water (Cw) and non-water (Cn). The average values and standard deviation of the
water, non-water, and total classes u ,0, 4 ,0,, M. and o, are and respectively. The
probability of occurrence of water class and the probability of occurrence of non-water
class are @, =Pr(C,,) and o, =Pr(C,). There is intra-class variance o, and inter-class

variance o . According to equations 1 and 2:
2 2 2
Owe = PwOw T ONON ey
O_; = W(‘”W _/uT)Z +CUN(,LIN _/uT)Z (2)
In the Otsu method, a threshold is selected for the image that separates the two peaks of

the histogram of the image. From Otsu's point of view, the optimal threshold limit is the
one that maximizes the inter-class variance or minimizes the intra-class variance [23].

3.2. LSWT Variable

In the current research, the module developed by Sofia Merida et al. in 2020 on the
GEE platform was used (https://github.com/sofiaermida/Landsat_ SMW_LST). In this
module, it is possible to call the Landsat 4 to 8 series of satellites, and it is possible to
automatically estimate the temperature of any condition of the earth's surface, including
bare land, green land, water, and snow, according to any condition of emissivity. The
method used to estimate the temperature is the Statistical Mono-Window (SMW) method,
which was provided by the Climate Monitoring Satellite Application Facility (CM_SAF).
Due to its simplicity, this algorithm is easily calibrated and implemented [24]. This mod-
ule can be implemented for Tier 1 and Tier 2 Landsat TOA and surface reflectance data.
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3.3. Meteorological Data Impact on Water Surface Changes

As part of this investigation, following the acquisition of average data for distinct
seasons, an analysis was conducted to explore the association between various meteoro-
logical parameters and the water surface extent of the lake. This examination involved the
utilization of Pearson's correlation coefficient (r2) as a quantitative measure to assess and
quantify the degree of correlation between the meteorological variables and changes in
the water surface extent.

4. Result and Discussion

In this research, time series of Sentinel-1 satellite images (VV polarization) and Land-
sat-8 (NIR, RED, and thermal bands) and also time series of produced products, including
CHIRPS data and evapotranspiration data from 8-day MOD16A2 products, have been
used. In the time series of Sentinel-1 and Landsat-8 images, the average composite images
for each season were used, and the average of each season was obtained in the products
of precipitation and evapotranspiration.

4.1. Spatiotemporal Changes of Surfacee Water Extent

The water area of Zarivar Lake exhibited a non-linear change from 2015 to 2022. Fig-
ure 3b, illustrates an upward trend in all seasons between 2015 and 2019, but a decline is
evident from 2019 to 2022, resulting in the lowest LWB area in 2022. During spring, the
LWB area reached its maximum at 11.25 km?. Subsequently, it decreased to 10.42, 9.40,
and 9.27 km? in winter, summer, and autumn, respectively. This pattern suggests that
winter and autumn rains contribute to the LWB area's increase, reaching a peak of 11.25
km? in spring. However, by summer, it declines to 9.40 km? due to water consumption
and limited rainfall, further decreasing to 9.27 km? by autumn. While autumn rains pre-
vent a sharp decline, they can't fully compensate for the summer water loss.
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Figure 3. a) LWB map, b) Charts of LWB area.

4.2. Rainfall Data and Surface Water Extent Changes

The lake's water supply primarily relies on underground water tables. Seasonal rain-
fall variations also influence the lake's water area. Strong correlations exist between rain-
fall and the LWB area, with correlation coefficients of 0.67 and 0.73 in winter and spring,
respectively (Figure 4). However, these correlations decrease to 0.30 and 0.31 in summer
and autumn. For example, increased winter 2019 rainfall coincided with a peak in the
lake's water area. Subsequently, declining rainfall led to a decreasing water area from 2019
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Figure 4. Charts of relationship between LWB area and Precipitation.

4.3. LSWT and Surfacee Water Extent Changes

The relationship between LSWT and the lake's water area yields logical findings. Due
to increased water area brought about by lower winter LSWT and higher precipitation,
winter exhibits an average LSWT of 4.3 degrees Celsius that correlates weakly (r=0.10).
Spring sees an average LSWT of 17.5 degrees Celsius, along with increased spring rains,
resulting in a higher correlation coefficient of 0.26. In contrast, during summer, rising
LSWT, evapotranspiration, and water consumption for various purposes lead to a de-
crease in lake water volume and area, yielding a negative correlation coefficient of -0.30.
Figure 5 illustrates this inverse relationship in the summer. Autumn, with the onset of
autumn rains and high LST and LSWT, shows a correlation of -0.07, moving away from
the negative summer relationship and approaching a nearly zero correlation.
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Figure 5. Charts of relationship between LWB area and LSWT.

4.4. Evapotranspiration Data and Surface Water Extent Changes

The positive correlation between evapotranspiration parameters and the waterbody
area is consistent across all seasons, with coefficients of 0.49 and 0.46 in winter and au-
tumn, and higher values of 0.59 and 0.60 in spring and summer (Figure 6). On average,
evapotranspiration rates are 13.54, 8.45, 7.77, and 5.24 kg/m? in spring, summer, winter,
and autumn, respectively. This positive relationship is influenced by the wetland nature
of Zarivar and its diverse vegetation cover, which contributes to consistent transpiration
throughout the year. Furthermore, winter, spring, and autumn precipitation plays a piv-
otal role in maintaining moisture in the air, soil, and vegetation, thus explaining the posi-
tive correlation coefficients in these seasons. In summer, the correlation between water
area and evapotranspiration reaches 0.60. This stability in correlation during spring and
summer is attributed to the substantial spring and winter precipitation and the fact that
evapotranspiration is lower in summer, preventing a reduction in water volume and wa-
terbody area.

115 20 F- 15
r.0.49 r:0.59
- - . 11
ey - ® 15 —m-- B
. 4 105 __-&-- ~ 10
o -
o B o~
0 E Ew g
4 N X
95 5
5
9
85 0 0
2015 2016 2017 2018 2019 2020 2021 2022 2015 2016 2017 2018 2019 2020 2021 2022
=== Water Area-Winter == =@-~-- Eva-Winter Emmm—— WaterArea-Spring = =@ - =~ Eva-Spring
I:0.60 0 " r: 046 . o
9.8 = 9.6
6 N 7 .\\\
&= 956 s S 4 s 94
_-.. . ®-_
9.4 «~ “® 92
g g4 g
92 E £ 9 E
X §’ 3 X
9 8.8
858 2 856
86 1 8.4
8.4 0 8.2
2015 2016 2017 2018 2019 2020 2021 2022 2015 2016 2017 2018 2019 2020 2021 2022
[ \\aterArea-Summer = ==@-=- Eva-Summer === Water Area-Autumn = =~@--- Eva-Fall

Figure 6. Charts of relationship between LWB area and evapotranspiration.

4.5. Comparative Analysis of Meteorological Data

The greater the number of climate-meteorological parameters, the better it is possible
to discuss the dynamics of changes in the water area of lakes. Investigating the relation-
ship between the parameters of temperature, evapotranspiration, and precipitation and
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their effect on each other helps to better analyze the results. In the previous three parts,
the relationship between the area of the water zone and the parameters of precipitation,
temperature, and evapotranspiration was discussed. In investigating the correlation coef-
ficient between precipitation and evapotranspiration, its high value can be considered in
spring (0.82), autumn (0.59), winter (0.47), and summer (0.40), respectively, and also the
correlation coefficient between evapotranspiration and temperature, respectively, in sum-
mer (0.24), autumn (0.20), spring (0.14), and winter (-0.21). These results show that the
amount of air humidity in all seasons was higher due to the presence of precipitation. For
example, the relationship between LSWT and evapotranspiration in the winter season is
opposite, but the relationship between precipitation and evapotranspiration in the same
season is equal to 0.47. However, the observations show that the correlation coefficient
between LSWT and evapotranspiration was higher in the summer than in other seasons.
It can also be concluded that the logic of the strong correlation coefficient between evap-
otranspiration and the LWB can be checked through the correlation coefficient of precip-
itation and evapotranspiration.

Table 1. Correlation coefficients between different parameters.

r (coefficient correlation) Winter Spring Summer Autumn
LWB-LSWT 0.10 0.26 -0.30 -0.06
LWB-Precipitation 0.67 0.74 0.30 0.30
LWB-Evapotranspiration 0.49 0.59 0.60 0.46
Precipitation-Evapotranspiration 0.47 0.82 0.40 0.59
LSWT- Evapotranspiration -0.21 0.14 0.24 0.20

5. Conclusion

This research focused on Zarivar Lake, a significant ecological and aquatic ecosystem
facing changing water levels due to climate change and human activities. The study ex-
amined the relationship between seasonal variations in the lake's waterbody area and me-
teorological factors, such as precipitation, evapotranspiration, and lake surface water tem-
perature, from 2015 to 2022. The results demonstrated clear correlations between the lake's
waterbody area and meteorological variables. Precipitation showed a strong positive cor-
relation in winter and spring, while the LSWT had blended relationships, being positively
correlated in spring and negatively correlated in summer. Evapotranspiration parameters
followed changes in precipitation. These findings emphasize the significant impact of cli-
mate change on Zarivar Lake, highlighting the need for conservation efforts to protect this
valuable natural resource. Since the main source of Zarivar Lake is underground water,
access to data related to underground water is essential and increases the possibility of
obtaining more accurate results.
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