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Abstract – Use of Landsat is of importance in monitoring and assessment of long-term changes of water
quality in freshwater ecosystems, especially in small water bodies. In this study, over a 32-year period
(1985–2017), the changes in water surface temperature (WST), secchi disk transparency (SDT), and
chlorophyll-a (Chl-a) concentration were estimated at the Choghakhor wetland using Landsat imagery.
Based on WST three detectable temperature zones can be observed within the wetland aquatic environment
where the highest amount was observed in thermal strips. The results showed Chl-a concentration volatility
in different periods in the wetland as well as its long-term increasing trend. The western part of the wetland,
as compared to other areas, was affected by these changes, which could be due to the human activity
concentrated in this area. In contrast (SDT) showed a decreasing trend during this period that was consistent
with the observed changes in Chl-a concentration. This could be due to an increase in organic matter load
and suspended solids in the water body of wetland during this time. Comparison of the extracted satellite
data with the field data showed the least RMSE and high R2. Also, ANOVA results showed significant
spatio-temporal differences between the studied parameters in Choghakhor wetland (p< 0.05). The present
study can help to detect long-term changes in Choghakhor wetland and help toward moving to optimal
management and protection of this wetland.
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1 Introduction

Wetlands play a key role in food production, water and air
purification, carbon storage and even changing local climate,
affecting food turnover rate, prevention of flooding and overall
protection of the biodiversity in local freshwater ecosystems
(Chen et al., 2011; Ryan et al., 2012; Keddy, 2010).
Conventional measurements and monitoring of water quality
involve in situ sampling, which is a costly and time consuming
(Ogilvie et al., 2018; El Masri et al., 2008). In addition, for
tracking methods in the field, some areas are often inaccessible
or difficult to sample (Chen and Quan, 2012). Due to the
prevalent logistic limitations, it is not possible to cover the
entire area of water or frequent sampling at a site (Chen and
Quan, 2012). Overall in situ sampling encountered with some
problems which inhibit coherent monitoring and estimation of
ding author: ahmadreza.pirali@gmail.com
water quality (Senay et al., 2001; El Masri and Rahman, 2008).
In contrast, remote sensing techniques can overcome these
constraints by providing alternative methods for monitoring
water quality across a wide range of time and spatial scales
(Senay et al., 2001; El Masri and Rahman, 2008). Remote
sensing images can pass even across inland water and hence,
confirming in situ measured parameters (Chen and Quan,
2012). Remote sensing analyzes the radiation data by a sensor
in a specific area (here the wetland of water body). Achieved
information, such as water transparency and chlorophyll-a
(Chl-a) is in fact radiance within the visible and is near-infrared
(Dörnhöfer and Oppelt, 2016). For example, Chl-a concentra-
tion can be measured at spectral bands of 440–560 nm and
670 nm (Matthews, 2011). In water column, the optical
properties of water body such as suspended particulate matter
(SPM) and Chl-a, may alter the radiation by absorption and
scatter (Odermatt et al., 2012). For measuring water surface
temperature (WST), sensors are needed that measure radiation
at thermal infrared (13–17mm) (Dörnhöfer and Oppelt, 2016).
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High resolution satellites such as Landsat are the available and
efficient options for satellite-based measurements to monitor
water quality even in small waters bodies (Ogilvie et al., 2018;
Brezonik et al., 2005). The Landsat data series are ideal for this
purpose based on a 30-meter spatial resolution, especially for
some of the relatively small waters bodies (Lee et al., 2016;
Brezonik et al., 2005). Landsat is freely available and contains
a collection of archived data that can provide us with insights
into historical events or developments in a region and
therefore, can be used for monitoring purposes (Chen and
Quan, 2012). Of course, estimation of qualitative parameters
with Landsat has various limitations. The most prominent
limitation for investigated properties within water is possess-
ing inherent optical properties (IOPs) which can be measured
through satellite sensors (Brezonik et al., 2005). Landsat
measures the radiance with the sensor and cannot be calibrated
with the intensity of the solar radiation, which usually varies
with factors such as latitude, day length, and season. Here the
atmospheric interference, which can influence reflected
radiation level, is important (Brezonik et al., 2005).

In this study, we investigated the remote sensing of WST,
Chl-a concentration and secchi disk transparency (SDT)
parameters. WST is one of the most important abiotic factors in
determining environmental changes and ecological activities
of the water body (Kang et al., 2014). The physical, biological
and chemical processes depend on temperature. For instance,
the temperature affects the dissolve oxygen content of water,
the metabolic rate of aquatic organisms (Wetzel, 2001). Chl-a
is a well-known indicator of ecological health in an aquatic
environment that is widely used to represent water quality and
trophic status (Sun et al., 2014). Since phytoplankton contains
chlorophyll, its biomass is detectable by optical sensors; hence,
Chl-a is an ecological indicator for the study of the impact of
nutrients and the ecosystem’s status in the water body (Shutler
et al., 2007). SDT is one of the parameters that can show the
level of opacity in the water. It can also be used in the
evaluation of the eutrophication characteristics of water body
with other parameters (Yüzügüllü and Aksoy, 2011). For
inland water ecosystems, SDT has been widely measured by
remote sensing (e.g., Olmanson et al., 2008; Greb et al., 2009).

Permanent protection and monitoring of wetland changes,
which are among the national natural assets of each country,
are among the needs of sustainable development, and
identifying long-term wetland changes needs to be temporally
analyzed using holistic approaches such as remote sensing.
That’s why the present study aims to investigate and monitor
temporal and spatial variations of water quality parameters
such as WST, Chl-a and SDT at Choghakhor International
wetland using Landsat images in 1985–2017and the results
have been evaluated.

2 Materials and method

2.1 Study area

The Choghakhor international wetland, as one of the most
important structural elements in the landscape of the region
and important bird area (IBA), is located in Chaharmahal and
Bakhtiari province, Borujen city and Boldaji district in the
central Zagros Mountains, the basin of the Karun River. This
wetland is located between 50° 520 to 50° 560E and 31° 540 to
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31° 560N (Fig. 1). The Choghakhor wetland as one of 23
Ramsar sites in Iran with an area of 1600 ha is one of the most
important sites of Iran in terms of presence of endemic
endangered fish species (Aphanius vladykovi) and the type of
wetland class is Lacustrine based on the Ramsar Convention
(Behrouzirad, 2007; RSIS, 2010; Ebrahimi and Moshari,
2006).
2.2 Satellite data acquisition and process

Landsat contains a large number of satellite images archive
of the studied area (path /row: 164/38) from 1985 to 2017. In
this study, Landsat 5, 7 and 8 satellite images (TM, ETMþ and
OLI sensors) were used. These images were selected based on
available data from Landsat satellite archives. All images have
been tried on a specific date (similar environmental conditions)
to obtain better results. Most of the images are from May and
October (spring and autumn, respectively). Eventually, only 18
Landsat scenes (Tab. 1) were selected. The acquired images
were Level-1 and obtained from earthexplorer.usgs.gov.

In this study, geometric and radiometric correction was
performed on the required images. After studying of different
methods, atmospheric correction was used by DOS (Dark
Object Subtraction) method. Also, based on several studies
(Hicks et al., 2013; Patra et al., 2016; Bonansea et al., 2015;
Urbanskia et al., 2016), this method was found to be suitable
for atmospheric correction in aquatic ecosystems. DOS
searches for the darkest pixel value in any band (dark objects
reflect no light). This method assumes that nonzero values for
water bodies are due to atmospheric path radiance. Scattering
is eliminated by subtracting this value from each pixel in the
band (Patra et al., 2016; Bonansea et al., 2015).
2.3 Field data collection

Due to the use of satellite image extraction data in this
study, field data need to be validated. For this purpose, the data
ofWST, SDT, chlorophyll-a concentration on the wetland were
collected from 2006 (Ebrahimi, 2006) and 2010 (Esmaeili,
2012). All parameters of this dataset were extracted according
to the standard method (APHA-AWWA-WEF, 2000). Figure 1
shows the position of the points on the map. Also based on the
GPS coordinates of these points, the parameters were extracted
in other years. For better comparison and proper evaluation,
the data from the images were divided into two spring and
autumn seasons (dry and wet) and three geographically points
west, east and center.
2.4 Water discrimination

The surface of Choghakhor wetland water area was
determined through using the normalized differential water
index (NDWI) and the proposed algorithm by McFeeters
(1996) to identify the water body of wetland and separating
unrelated pixels (Alcantara et al., 2010). Ji et al (2009)
suggested that NDWI can be successfully used to define and
isolate the water bodies and monitoring the water range
changes. According to McFeeters (1996), the threshold value
for NDWI is set to zero. The NDWI is derived using green and
f 13



Fig. 1. Map and points of dataset in Choghakhor Wetland, Iran. The triangles represent dam.
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near infrared (NIR) bands, Eq.1:

NDWI ¼ GREEN � NIR
GREEN þ NIR

: ð1Þ
2.5 Water quality algorithm

After considering different algorithms studies, the follow-
ing were selected because of suitable for small water bodies.
2.5.1 Chlorophyll-a concentration (Chl-a) and transparency
(SDT) algorithms

The following relations which is suitable for small water
bodies, were used to calculate Chl-a and transparency
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(measured as SDT) (Chao Rodríguez et al., 2014):

Chl a½ � ¼ 0:0979e205926�
RG
RB ð2Þ

SDT ¼ �10:281
RG� RB
RGþ RB

þ 4:5753 ð3Þ

where Chl-a is the chlorophyll-a concentration measured in
milligrams per cubic meter (mg/m3), and SDT is the secchi disc
transparency in meters.

RG and RB are the water reflectance measures in the green
and blue bands, respectively.

2.5.2 Water surface temperature

Landsat thermal band was used to calculate WST. For this
purpose, the digital number (DN) of thermal band must be
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Table 2. TM and ETMþ and OLI thermal band calibration constants.

Constant K1 K2

Units W/(m2� sr� mm) K

TM 607.76 1260.56
ETMþ 669.09 1282.71
OLI 774.89 1321.08

Table 1. 18 Landsat scenes used in this analysis.

Row ID Image Sensor Date

1 LT05_L1TP_164038_19850802 TM 1985/8/2

2 LT05_L1TP_164038_19850412 TM 1985/4/12
3 LT05_L1TP_164038_19870504 TM 1987/5/4
4 LT05_L1TP_164038_19871011 TM 1987/10/11
5 LT05_L1GS_164038_19951017 TM 1995/10/17
6 LT05_L1TP_164038_19950526 TM 1995/5/26
7 LE07_L1TP_164038_20000515 ETM 2000/5/15
8 LE07_L1TP_164038_20001006 ETM 2000/10/6
9 LE07_L1TP_164038_20060414 ETM 2006/4/14
10 LE07_L1TP_164038_20061007 ETM 2006/10/7
11 LE07_L1TP_164038_20101002 ETM 2010/10/2
12 LE07_L1TP_164038_20100527 ETM 2010/5/27
13 LC08_L1TP_164038_20131221 OLI 2013/12/21
14 LC08_L1TP_164038_20130511 OLI 2013/5/11
15 LC08_L1TP_164038_20150517 OLI 2015/05/17
16 LC08_L1TP_164038_20151125 OLI 2015/11/25
17 LC08_L1TP_164038_20170522 OLI 2017/5/22
18 LC08_L1TP_164038_20171114 OLI 2017/11/14
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converted to the brightness temperature. Studies in other
aquatic ecosystems have also derived from this relationship
(Bonansea et al., 2015; Syariza et al., 2015; Chao Rodríguez
et al., 2014). Brightness temperature is calculated from sensor
data using Planck’s equation calibrated for thermal infrared
band (according to Chander and Markham, 2003):

T ¼ K2

Ln
K1

Ll
þ 1

� � ð4Þ

where T is temperature measured in Kelvin, Lʎ is the thermal
band spectral radiance in watts/(m2� sr� mm), and K1 and K2
are Planck’s equation coefficients which given in Table 2 for
each sensor. Finally, to convert the temperature to Celsius, the
number was reduced to 273.15.

In the case of equation (4), it should be noted that the
emission coefficient for water is near to 1 and can be used to
estimate water surface temperature and compare it to the
dataset (Chao Rodríguez et al., 2014).

2.6 Accuracy assessment

In order to validate the data obtained from the algorithms
with field data (in situ), root mean square error (RMSE) and
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coefficient of determination (R2) was also used (Eqs. (5) and
(6)), in addition to drawing a scatter plot (Odermatt et al.,
2012).

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i¼1 xest;i � xmeas;i
� �2

N

s
ð5Þ

where, xest are estimated water quality parameters of satellite;
xmeas are measured water quality parameters of dataset; and N
is the number of samples.

R2 ¼ ðnP yð Þ � P
xÞðP yð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

nðP x2Þ � ðP xÞ2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nðP y2Þ � ðP yÞ2

qr
0
BB@

1
CCA

2

; ð6Þ

where x is the estimated water quality parameters of satellite,
while, y is the measured water quality parameters of dataset
and n is the number of samples.

2.7 Data analyses

After extraction of parameters, normality of data was
evaluated by Kolmogorov–Smirnov test (p values > 0.05
showed normality of data). The One-way ANOVA test was
used to determine any significant differences among mean
estimated values of water quality parameters between the years
1985 to 2017. Subsequently, the Duncan multiple range test
was performed if significant differences were found in
ANOVA. Differences were considered significant at p values
< .05. All statistical analyses were performed using the
statistical package from SPSS Inc., released 2007 (SPSS for
Windows, Version 16.0, and Chicago, SPSS Inc.). All data
were reported as mean ± SE (standard error).

3 Results

As mentioned in the previous section, the method used for
atmospheric correction was well suited and similar to the
results of other studies in aquatic ecosystems (Hicks et al.,
2013; Patra et al., 2016; Bonansea et al., 2015; Urbanskia
et al., 2016).

After generating the maps of each parameter, we used the
scatter plots and the RMSE and R2 metrics to validate and
calibrate the data and compare it with the dataset. The results
are presented in Figure 2. Accordingly, all the applied
algorithms had suitable validation measurement. For WST, the
RMSE of the satellite data and field data provides an error of
4.2 °C and the value of determination coefficient (R2) with a
maximum of 0.78 (y= 0.2024xþ 3.57). The determination
coefficient indicates a positive relationship between the
variables used. Satellite measurements WST comparing to
field measurements typically showed below-surface temper-
atures. Although there were no significant differences between
satellite-based and field measurements, these differences may
occur due to wind and local conditions of water. For Chl-a
concentration, the amount of determination coefficient (R2) is
indicative of a high relation (0.83) among the used variables.
The RMSE of the satellite data and field data provides an error
f 13



Fig. 2. Validation of Landsat estimated versus measured parameters (in situ) with 1:1 fit line, (a) WST, (b) SDT and (c) Chl-a.
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of 0.47mg/m3 (y= 0.125xþ 0.521). For SDT, the amount of
determination coefficient (R2) is indicative of a high relation
(0.69) among the used variables. The RMSE of the satellite
data and field data provides an error of 0.38m (y= 0.1603x
þ 1.5391). The results of measured parameters variation in
Choghakhor wetland from 1985 to 2017 is shown from
Figures 3–8. It should be noted that due to wetland drying and
turbidity in the autumn of 2017, which led to dehydration, the
parameter values were not reported in graph (Figs. 4, 6 and 8)
at this time. Furthermore, due to the lack of available images in
the autumn of 1985, the nearest month (August) was chosen as
the course.
3.1 Water surface temperature (WST)

Figure 3 imply the spatio-temporal distribution of WST
just for spring and autumn seasons of Choghakhor wetland.
WST was calculated from Landsat thermal band converted to
degrees Celsius. As expected, the WST map shows a spatial-
temporal pattern that matches the local conditions. The
warmest water of sampling time observed in high air
temperature (AT) (springs) and in the north and west part of
the wetland. The coldest water of sampling time found in low
AT (autumns) accompanying with the center and south part of
the wetland. In general, three detectable temperature zones can
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be observed within the wetland during studied years: less
variable areas (blue in the map), moderate change areas, areas
near the shoreline (red in the maps), which are called thermal
strips (Sima et al., 2013). An overall view at zonation
maps (Fig. 3) of the WST within study period showed WST
fluctuations from 1985 to1987 (based on changes in
distribution and spatial distribution on maps) were higher.
Between 1995 and 2000, the wetland WSTwas in a relatively
stable condition, which could be due to the high water volume
following the construction of the dam in output of the wetland
in the early 1990’s and increasing rainfall during this year.
During the years from 2006 to 2017, a gradual increase in the
wetland of WST based on the graph was revealed (rising to a
maximum of 38.5 °C in spring 2015 (Fig. 3). However, the
difference of thermal band spatial resolution between different
Landsat sensors in the study period (such as ETMþ versus TM
resolution of thermal band) can also be considered. WST
changes become more pronounced in recent years, which can
affect water volume wetland as well as its margin fluctuations.
This fact was observed at 38.5 °C on the margin of the wetland
known as thermal string. Similar studies on other aquatic
ecosystems of Iran have also found that WST range. For
instance, in the study of Lake Urmia (2007–2010) by MODIS
noted the maximum WST as high as 30 °C (Sima et al., 2013).
The analysis of the WST graphs shows the spatial variation in
different parts of the wetland (Fig. 4), in general, spring of
f 13



Fig. 3. Choghakhor wetland of WST (°C) changes in spring(s) and autumn (a) Season, broken down annually.
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2015 and 2017 have a higher WST than the same time
period (27.48–30.04 °C, Fig. 4). Also, WST fluctuations are
higher at the west of the wetland. The lowest WST range
was observed in autumns 1995, (7.7 °C, Fig. 4) which could
be due to water volume in these years. ANOVA results
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showed a significant difference between the WST of different
years in the Choghakhor wetland (p< 0.05), in Table 3. Based
on maps WST (extractive data and its spatial distribution on
the map) ranged from 3.3 to 38.5 °C, with a mean value of
20.9 °C.
f 13
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Fig. 4. The comparison of WST (°C) in different parts of the Choghakhor wetland in different years, spring(s) and autumn (a).

Table 3. Statistical comparison of parameters calculated in this study using ANOVA (mean ± SE, n = 50).*

2017 2015 2013 2010 2006 2000 1995 1987 1985 F-value P-value

WST 29.66 ± 0.1a 22.91 ± 0.75b 13.03 ± 1.59d 16.62 ± 0.24c 14.10 ± 0.12cd 14.95 ± 1.48cd 13.53 ± 0.03d 16.49 ± 0.28c 24.45 ± 3.07b 43.42 p < 0.05

Chl-a 1.02 ± 0.52b 1.06 ± 0.12b 0.89 ± 0.02c 0.83 ± 0.03c 1.23 ± 0.03a 1.06 ± 0.008b 0.379 ± 0.003d 0.309 ± 0.04d 0.322 ± 0.007d 166.51 p < 0.05
SDT 1.627 ± 0.04d 1.6 ± 0.02d 1.69 ± 0.03c 1.72 ± 0.07c 1.55 ± 0.1e 1.61 ± 0.07d 2.07 ± 0.08b 2.14 ± 0.24a 2.12 ± 0.09a 338.74 p < 0.05

* Different letters indicate statistical significance (Duncan, p < 0.05). F-value is the ratio of the mean squares between the groups to the intra-
group squares, which indicates the magnitude of the difference between the groups and the comparison with the error.
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Also, as expected, the method used to measure WST was
well suited and similar to the results of other studies in aquatic
ecosystems (Bonansea et al., 2015; Syariza et al., 2015;
Chao Rodríguez et al., 2014).

3.2 Chlorophyll-a concentration (Chl-a)

The created images of the zoning of Chl-a concentration in
Choghakhor wetland from 1985 to 2017 are shown in Figure 5,
separately in spring and autumn seasons. Zoning maps of Chl-a
in Choghakhor wetland, showed an increasing trend during
1985 to 2017. The highest amount of Chl-a was observed in
2006 and 2013 respectively. In general, the eastern and western
parts of the wetland have more fluctuations and higher Chl-a
concentration than the center (Fig. 6, which is more evident in
the western regions. ANOVA results showed a significant
difference between different Chl-a of different years in the
Choghakhor wetland (p < 0.05), in Table 3. Based on maps
Chl-a presented a mean value of 1.17mg/m3 and relatively
higher values were found in spring season. The measured
Chl-a fluctuations in the Choghakhor Wetland were between
0.25 and 2.1mg/m3. The highest Chl-a value was observed in
spring season of 2006 (1.31mg/m3).

3.3 Secchi disk transparency (SDT)

The created images of zonation of SDT condition of
Choghakhor wetland from 1985 to 2017 (separately in spring
and autumn seasons) are presented in Figure 7. The overall
depth of transparency decreased from 1985 to 2017, which
indicates an increase in turbidity and suspended as well as
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organic particles accumulation in the wetland. It confirms the
results of this study related to the Chl-a concentration
increasing in recent years. Wetland of water contains high
nutrient levels, suspended particulate matter and dissolved
organic matter, some essential elements that cause phyto-
plankton growth and turbidity and decrease in SDT and
increase in Chl-a were their consequences. The SDT changes
in different parts of the wetland (Fig. 8) shows that the central
areas of the wetland are deeper. This trend is also seen in
Figure 7. It suggests higher transparency and less effect of
fluctuations and wetland activities in this part of the wetland.
Comparison of spring and autumn showed that the relative
depth in the autumn seasons is less than those of the spring
seasons. ANOVA results (Tab. 3) showed a significant
difference among the SDTof different years in the Choghakhor
wetland (p < 0.05). The values of SDT (based on changes in
distribution and spatial distribution on maps) varied between
1.3 and 2.22m, with a mean value of 1.71m. This parameter
also showed a seasonal variation which was related to climatic
seasons and rainfall. Thus, the wetland showed the lower SDT
in autumn seasons, due to the inlet of high loads of suspended
solids by the inflows. While higher SDT occurred in spring
seasons as inflows flows were lower. Landsat prediction,
computed using equation (3) in the central pixels of the water
body, provides values with a similar range.
4 Discussion

Suitable Monitoring of Choghakhor wetland changes is
definitely essential for preserving this ecosystem, as a valuable
f 13



Fig. 5. Choghakhor wetland of Chl-a (mg/m3) changes in spring(s) and autumn (a) season, broken down annually.
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natural heritage. Our study showed that remote sensing and
processing of satellite images can help us to achieve this goal
and this procedure could be the first study in the region that
presents image of the historical changes throughout the
wetlands in different periods. We also extracted several critical
Page 8 o
parameters of the aqueous environment using Landsat
imagery.

Landsat is widely used to estimate water quality
parameters (Dörnhöfer and Oppelt, 2016). Also, in this study,
the spatio-temporal dynamics results of the qualitative
f 13
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Fig. 6. The comparison of of Chl-a (mg/m3) in different parts of the Choghakhor wetland in different years, spring(s) and autumn (a).
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parameters showed the adequate ability of Landsat. This study
used three generations of Landsat (TM, ETMþ and OLI)
based on different years. Of course, Landsat 8 has a particular
function compared to the previous Landsat sensors (Patra
et al., 2016). However, Landsat’s weakness is the lower
temporal resolution (16-day) compared to sensors such as
MODIS and Sentinel. So, in small water bodies such as
Choghakor wetland, the spatial resolution (30m) is a
significant factor in monitoring of these areas. MODIS takes
less temporal resolution (1 day) but with a resolution of 250m,
that it is not suitable enough for monitoring of these areas. The
unique Landsat feature comparing to other sensors (such as the
Sentinel with spatial resolution, 10m and 4-year datasets since
2014) is a 40-year-old available dataset that allows long-term
monitoring so it was used in the present study.

Data obtained from comparing field samplings with
satellite data showed relatively good performance of RMSE
(4.2 °C, 0.47mg/m3 and 0.38m). In a similar study at Urmia
Lake, the RMSE of WST by MODIS varied between 2.59 and
0.27 °C for different years and conditions (Sima et al., 2013).
The RMSE and R2 in Arreo Lake forWSTand SDT by Landsat
were estimated to be 4.18 °C and 0.6m (Chao Rodríguez et al.,
2014). Also, the RMSE of WST in the two Bimont and
Bariousses lakes varied between 1.75 and 2.39 °C for different
conditions (Simon et al., 2014). Simon et al. (2014) found the
reasons for these errors as lags in field and satellite data,
differences in depth and level of temperature and satellite field
data, field measurement quality, and field scale differences and
thermal band resolution. In study of Kemp Lake of Texas, the
R2 of field data and Modis for chlorophyll-a were calculated
0.3 and 0.8 in spring (June) and autumn (October), respectively
(El Masri and Rahman, 2008). They confirmed that the number
of field samples, changes in chlorophyll-a absorption, less field
data fluctuation of chlorophyll-a compared to October, as
potential contributors to the weakness of R2 with field and
satellite data in June.

In general, the difference in WST depends on the various
conditions. The WST measured by the satellite covers an area,
while field data is a point value that can lead to a meaningful
difference. Also, an error in the field measurement may occur.
However, WST changes are much lower than land surface
temperature. Another factor is water depth. Based on the water
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thermal properties, wherever the depth is greater, there is a
higher heat storage capacity, causing the WST to increase
significantly during the warm seasons or decrease during the
cold season (Fazelpoor et al., 2015), which in Choghakhor
wetland, due to less fluctuations in depth and also less depth
range, is not very effective. In addition, WST has a significant
relationship with the characteristics of the ecosystem and is
affected by environmental and climate change (Adrian et al.,
2009). The highest water WST based on the graph in both
seasons (spring and autumn) was observed in the western
region of Choghakhor wetland (Fig. 4), which is likely to be
affected by input water temperature due to agricultural
activities, depth and presence of dark-colored aquatic plants.
In the case of comparing several parts of the wetland, the
highest WSTwas observed in the coastal areas of the wetland.
The WSTof the wetland in the spring season is higher than the
autumn season, which is justified by the warmer air temper-
atures in the warm seasons. WST in parts with high variation
can be related to wetland margins and water volume changes or
the absence or presence of aquatic plant cover. According to
the satellite images in the autumn seasons of 1985, 2015, and
2017, along with low water levels, the increase in WST is
evident, and in winter 1995 the lowest WST is observed along
with the high water status in the wetland. Interpretation the
results of quantitative parameters such as Chl-a needs to
understand the ecology and optical patterns in the region
(Stumpf et al., 2003). In a healthy ecosystem, naturally all
ecological and biological factors fluctuate due to seasonal and
temporal changes, and the intensity of this fluctuation varies
with respect to the geographical location, extent, depth,
dominant flows and shape of the water source. The
Choghakhor wetland is no exception. Considering to the
variations of Chl-a among different seasons in the studied
years, Chl-a concentration is higher in spring than the autumn,
which is similar to the fluctuations of aquatic ecosystems in
temperate regions and follows the natural pattern of primary
production in these areas. In the study by Esmaeili (2012) in
the Choghakhor Wetland, Chl-a patterns were similar to those
in this study, and this parameter was higher in spring. Although
it increased slightly in the autumn, but still was lower than the
spring (Esmaeili, 2012). In general, Chl-a concentration is
dependent on biomass of phytoplankton and its mean
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Fig. 7. Choghakhor wetland of SDT (m) changes in spring(s) and autumn (a) season, broken down annually.
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concentration in aquatic ecosystems is a function of mean total
phosphorus and presents a log-log relationship. According to
the several studies, there is a positive correlation between
Chl-a concentration and nutrients (Wetzel, 2001; Souchu et al.,
2010;Pereiraetal., 2010; Iqbaletal., 2017;Primpasetal., 2010).
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These changes vary in parameters such as Chl-a and SDT in
different ecosystems andmay be related to the lack of nitrogen at
highphosphorus levels, the impact of organic solid particles, and
their rate of washing. (Kufel et al., 1997; Carpenter, 2005;
Covinoetal., 2009;Zoriasateinetal., 2013).Regarding theyears
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Fig. 8. The comparison of SDT (m) in different parts of the Choghakhor wetland in different years, spring(s) and autumn (a).
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when Chl-a concentration was higher in autumn than in spring
(1985, 1987, and 2013), environmental conditions in the area
should be studied and environmental factors, especially water
turbulence and water temperature, are usually influenced by
water volume fluctuations, especially in the years 1985–1987
(years before dam construction). However, further study of
aquatic ecosystems shows that the relationship of Chl-a with
phosphorus and transparency in sediment reservoirs is more
unstable thansimilar lakesandecosystems(Boyntonetal., 1982;
Filstrup and Downing, 2017; Murrell et al., 2007). Stumpf et al.
(2003) found that Chl-a concentration and algae density in the
east of the Gulf of Mexico increased from late summer to early
winter. SDT changes can be observed in relation to Chl-a
fluctuations and these changes must be evaluated from two
aspects: (i) Inflows into the wetland (organic and inorganic
suspensions and associated particles), as observed in the
wetland center at most of the years it was more transparent,
(ii)Densityofphytoplankton (basedonChl-a concentration) that
increases or decreases as a result of transparency changes.
However, the results of this study showed that SDT was more
influenced by the second factor (phytoplankton density).
Residential and agricultural uses of the Choghakhor wetland
are dispersed in the southern part of the wetland, where the
waste water is transferred from the sources into the wetland. In
the northern half of the wetland, the use of pollutants or
wastewater and the source of input that is derived from it, is very
low and almost contained bare land (Samadi, 2015). Therefore,
the amount of nutrients in this area of Choghakhor wetland can
be attributed to the reasons for the increase of Chl-a
concentration. Also, in autumn, with the lowest degree of
transparency, the highest density of phytoplankton and Chl-a
was observed. It seems that the existing parameters are
insufficient to investigate the dominant relationships within
wetland ecosystem, and some factors make the analysis difficult
to complete, such as: (1) highly dependent variables of the
studied variables (nutrients, chlorophyll and phytoplankton,
transparency (SDT)), (2) Seasonal changes of nutrients in
phytoplankton densities, 3) difficulty in separating extrinsic
factors (phytoplankton and nutrients are instinct factors of
aquatic ecosystems structures), 4) Nutrition cycle dynamic
and identifying factors resulting from human activities should
be added.
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5 Conclusions

Our method helps to have a rapid detection of ecological
changes in the wetland by using some environmental
indicators (through extraction of satellite images). The results
showed Chl-a and SDT volatility in different periods. Chl-a.
during 1985 to 2017 showed an increasing trend that was
consistent with changes in SDT. The western part of the
wetland, as compared to other areas, was affected by these
changes, which could be due to the human activity
concentrated in this area. Although it was not possible to
draw profiles from the temperature of wetland depth with the
method used in this study, it provides valuable information
based on the epilimnion layer, as well as patterns and spatial-
temporal distribution of WST in different years (1985–2017).
Furthermore, combining in situ data and satellite data can fill
the gaps of our information in this ecosystem and help us
toward comprehensive management of these valuable resour-
ces and represent an outlook from the past to the present. The
information obtained from the present study could be helpful in
the future optimal management of wetlands (exposed to
climate change, pollution, etc.). Mapping the spatial distribu-
tion for Chl-a, SDT, andWSTwith remotely sensed data would
be helpful for management of water bodies by determining the
point and non-point sources of pollutions that are responsible
for such spatial variability. Thus, we conclude that remote
sensing can potentially be used as a tool for monitoring water
quality throughout the seasons and can provide natural
resource managers and decision makers with crucial informa-
tion. Future research should focus more on the use of remotely
sensed data to estimate viability seasonal variations in water
quality parameters in long-term and their potential impact as an
approach to mitigate climate change.
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