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Abstract
Soil moisture (SM) is believed to be an impressive factor in hydrological process, agricultural
productivity, and monitoring dangerous outcomes of climate changes. The present study aimed to
monitor and recognize the pattern of spatial and temporal variation of SMAP soil moisture in five
subcatchments of Simineh-Zarrineh catchment in northwest of Iran from 2015 to 2017. Precipitation
data of 35 meteorological stations and 287 soil moisture points were derived from the SMAP and used
to monitor SM variations in the time scale. The results indicated that the SM variations are subject to
precipitation variations throughout the monthly scale in the catchment. In all the seasons of this period,
SM was found to have a decreasing trend from north to south of the catchment. On the contrary, no such
constant pattern was observed from east to west. Oscillation SM patterns in this period were completely
coordinated with the precipitation pattern. The determination coefficient between monthly SMAP soil
moisture and precipitation for each subcatchment was 0.9, 0.83, 0.7, 0.84, and 0.71 for Bokan, Saqqez,
Takab, Saeinqaleh, and Miandoab subcatchments, respectively. Spatial variability of standard deviation
for SM values was used to find the amount of deviation from the average value during dry and wet
seasons . The results revealed that in the seasonal scale, northwestern (0.067 to 0.069 cm3.cm3) and
eastern parts (0.057 to 0.061 cm3.cm3) of the study area had higher values of the SM standard deviations
in autumn. Additionally, according to the findings, a high value of standard deviation was observed in
autumn because of irregular precipitation events and fluctuation of the temperature.
Keywords: Precipitation, Urmia Lake, Standard deviation, Temporal variation, Soil water content

Introduction
Soil moisture is a generously dynamic state variable that affects principle hydrological
phenomena, such as evaporation, infiltration, and runoff. It is also important for the control and
allocation of water resources, anticipation of drought, agricultural yield, and supervision of
ecosystem reaction to climate changes (Babaeian et al., 2016). Information about SM status is
a critical factor for irrigation and enhanced agriculture yield (Brocca et al., 2014b). It is notable
that remotely sensed data provide particularly effective tools for large-scale monitoring of soil
water content near the land surface (0–5 cm). The SM values is significantly correlated with
soil optical reflection (Babaeian et al., 2016; Zeng et al., 2016), thermal emission (HassanEsfahani et al., 2015), and microwave backscatter (Mladenova et al., 2014). The ability to
determine the spatial and temporal distribution of soil moisture would be significantly
conducive to understanding the earth as an integrated system. The volume of soil moisture is
small compared with other components of the hydrologic cycle; nonetheless, it is of
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fundamental importance to several hydrological, biological, and biogeochemical processes
(Legates et al., 2011; Wang et al., 2019).
On account of this issue, the NASA's Soil Moisture Active Passive (SMAP) mission was
launched on January 31st, 2015. The objective of the mission is global mapping of highresolution surface soil moisture and landscape freeze/thaw state (Entekhabi et al., 2010). SMAP
utilizes L-band radar and radiometer sharing a rotating 6-meter mesh reflector antenna. The
basic premise of the mission was that merging of the high-resolution active (radar) and coarseresolution, but high-sensitivity passive (radiometer) L-band observations, would enable an
unprecedented combination of accuracy, resolution, coverage, and revisit-time for soil moisture
and freeze/thaw state retrievals (Entekhabi et al., 2010; Das et al., 2014).
Various modeling methods, hypotheses, and approaches of predicting auxiliary variables are
used to recover soil water information from active and passive microwave sensors, which
oriented to differences in predicted soil moisture; these differences are over and above those
caused by the differences in the electromagnetic frequency and engineering utilized to gather
the radiometric data (Owe et al., 2000). Passive microwave sensors, like SMOS†, SMAP, and
Aquarius, evaluate brightness temperature, which is affected by the differences in surface soil
moisture. Meanwhile, it also on the basis of certain parameters, for example, surface
temperature, vegetation water content, and surface roughness and/or topography. Most radiative
transfer models used to predict surface soil moisture from passive microwave sensors are
developed across bare to low biomass vegetative surfaces. A good representation of soil
moisture conditions could contribute to enhancing the predicting of precipitation, temperature,
droughts, and floods (Brocca et al., 2012; Chen et al., 2011; Miralles et al., 2012; Taylor.,
2012). For numerous large-scale utilizations, soil moisture maps are essential. As a result,
several studies have been conducted to obtain such information.
In numerous works, spatial distribution of SM has been analyzed; for example, Su et al.
(2016) investigated the spatio-temporal variation of Essential Climate Variable (ECV) soil
moisture dataset. Based on their results, it could be effective on the parameters from 1988 to
2013 in Tarim River basin. Moreover, they demonstrated that the (ECV) soil moisture could
control the large-scale dynamics of regional water cycle quite sufficiently, perfectly showing
concurrence with in situ data in their seasonal and inter annual variability. Statistical analysis
has recommended that the soil moisture variability in the Tarim River basin is further affected
by precipitation and temperature is less impressive on controlling soil moisture variability.
Champagne et al. (2016) assessed satellite surface soil moisture from SMOS and Aquarius for
application in agricultural landscapes in Canada. Their results indicated that SMOS
overestimates soil moisture after precipitation events in comparison with the in situ observation;
this was not compatible for each site and each period of time. The SMOS was discovered to
underestimate desiccation events in comparison with the in situ observation.
Spatial variability of soil moisture is known to rise with observation scale (Das and Mohanty,
2008), where the variability is connected to the average soil moisture content for a given scale,
like an outcome of prevailing surface processes at work. Famiglietti et al. (2008) demonstrated
that the soil moisture spatial distribution was affected by landscape attributes on hillslopes
whereas Hupet and Vanclooster (2002) concluded that soil spatial structure and topography
were unnecessary parameters and LAI ‡ affected variation of soil moisture through
evapotranspiration. In the investigation of some soil moisture datasets, Brocca et al. (2007)
reported that over different scales, in semi-arid regions, variation of soil moisture increased
when soil got wetter whereas humid regions tended to have larger variability throughout
become dry. The monitoring effect of this connection is the pattern of precipitation. When the
†
‡
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local meteorology outcomes in non-uniform precipitation, the heterogeneous wetting results in
enhanced soil moisture variation (Famiglietti et al., 2008; Vivoni et al., 2008); meanwhile,
when precipitation is uniform and at smaller scales, precipitation seems to decrease in the
variation of soil moisture (Das and Mohanty, 2008; Ryu and Famiglietti, 2006). The
predominant phenomena determining soil moisture variability are the result of the alteration
from control of infiltration in wet situation to control by drainage and evapotranspiration in dry
situation (Peters-Lidard et al., 2001). At basin to watershed scales, soil moisture is less likely
to be normally distributed since soil moisture distribution is not any more the outcome of
accidental phenomena, but rather structured by vegetation, topography, precipitation, and soil
properties (Parada and Liang, 2008).
Although in situ soil moisture is not gauged in all areas of Iran, measurement limitation does
not provide dynamic spatio-temporal variations for large-scale in a number of functions.
However, in this study area, where soil moisture observation there are not available with
suitable spatial and temporal density, it is not possible to monitor a precise large-scale and
predict soil moisture based on the in situ observation (Al-Yaari et al., 2014a). Therefore, the
use of remotely sensed data, which utilize images retrieved from either passive or active
microwave sensors, are suggested owing to their accessibility, global coverage, and verified
preciseness. Thus, studying dynamic distribution of soil moisture at spatio-temporal scale is of
great necessity in the catchments for recognition soil moisture variation patterns in long term.
The present research was conducted for the following objectives : (i) analyzing the spatial and
temporal variation in soil moisture from 2015 to 2018; (ii) detecting the patterns of soil moisture
dynamic distribution in monthly and seasonal scales; (iii) showing the influence of precipitation
variability on the sptio-temporal variation of soil moisture.

Materials and Methods
Study area
The Simineh-Zarrineh catchment is located in the northwest region of Iran (35⁰42′14″37⁰44′31″N, 45⁰31′32″- 47⁰22′21″ E) with an area of 17625 km2. In the catchment irregular
topography, the existence of two permanent streams and different land uses were found with
elevation variability between 1254 to 3389 meters above the sea level. Climatically, the
catchment has cold season with abundant rain from November to April, the remaining months
correspond to dry season (IRAN MINISTRY OF ENERGY., 2014).
Figure 1 depicts the situation and general attributes of the catchment, subcatchment, land
use, and rivers. This area belongs to a semi-arid hilly region, with an average annual
temperature of nearly 10.9 °C and an average annual precipitation of 348 mm. The precipitation
happened mostly during the autumn and winter from October to February.
This area is located in the semi-arid region and provides a large proportion of Urmia Lake basin
water requirement as a largest catchment with extensive agricultural activities. SiminehZarrineh catchment is located in the mountain chain region in the northwest of Iran. The
catchment contains five subcatchments, including Bokan, Saqqez, Takab, Saeinqaleh, and
Miandoab.

The Zarrinehrud and Siminehrud streams are perennial rivers in this catchment with the
greatest discharge of around 3 billion m3/yr. From 1995 to 2014, these rivers were considered
as permanent streams in the area with many natural and social potentials. These streams have
resulted in the improvement of agricultural actions in this catchment. These streams basins
cover around 52% of the total annual flow inlet to the Urmia Lake annually. The length and
basin area of Zarrinehrud River and Siminehrud River are about 240, 200 km and 11642 and
5921 km2, respectively (Ahmadaali et al., 2018). Dry land is the dominant land use, with cyclic
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drought influencing many of the areas for the time period studied. The dominant crop in dry
lands are barely and wheat and in irrigated agricultural land, they are sugar beet, alfalfa, and
garden. In this area, water scarcity intimidated economic improvement, maintainable human
occupations, and environmental characteristics (Urmia Lake Restoration National Committee,
2015).

b

Figure 1. Geographical location of the Simineh-Zarrineh
catchment (a) and subcatchments (b) in
a
northwest of Iran

Data collection
The SMAP satellite was launched on January 2015 by the NASA§ (Entekhabi et al., 2010). It
provides SM data that encompass the top 5 cm of the soil surface with a preciseness of 0.04
cm3 and a spatial resolution of 3, 9, and 36 km. It also covers the globe every three days (Das
et al., 2011; Reichle et al., 2015). The L-band SMAP satellite has been planned with the
outstanding subject of measuring and monitoring SM changes (Entekhabi et al., 2010).
According to the SMAP, there are seven advanced SM data as levels 2, 3, and 4, which establish
surface and root zone SM. In this study, the level 4 data (L4_SM) was used during 32 months
from April 2015 to December 2017 in order to investigate the spatio-temporal variation of SM
by 287 observation SMAP points in the catchment. The number of soil moisture observation
pixel in all the subcatchments and statistical summaries of soil characteristics in the entire
catchment are represented in Tables 1 and 2.

§

National Aeronautics and Space Administration
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Table 1. The number of SM observations, the mean precipitation and mean temperature in the
subcatchments across the Simineh-Zarrineh catchment (Bokan)
Subcatchment
Bokan
Saqqez
Takab
Saeinqaleh
Miandoab

Percentage
of area
17.35
26.31
13.05
19.27
24.02

Number of SM
observations
51
75
38
56
67

Mean annual
precipitation (mm)
368.5
393.1
352.3
334.7
351.5

Mean annual
temperature (◦C)
11.8
9.6
10.4
11.5
12.2

Table 2. Statistical summary of soil characteristics
Soil parameters

Min.

Max.

Mean

Sand (%)
Silt (%)
Clay (%)
Gravel (%)
pH
EC (ds/m)
Bulk Density (g/cm3)
Organic Matter (%)
Carbonates (% )

19
16
10
7
7.73
0.8
1.43
0.12
9.5

70
58
37
24
8.37
5.5
1.79
0.53
37.3

41.93
35.76
22.29
12.8
8.02
2.02
1.6
0.42
17.48

Std.
deviation
9.12
5.91
6.14
4.6
0.19
1.25
0.08
0.33
3.22

Coefficient
of variation
21.75
16.52
27.54
35.93
2.36
56.81
5
78.54
18.42

Skew

Kurtosis

0.36
0.12
-0.13
0.85
0.12
2.36
-0.04
1.96
0.77

0.07
0.52
-0.77
1.25
-0.67
10.52
-1.06
4.60
3.82

KolmogorovSmirnov statistic
0.005
0.007
0.014
0.003
0.015
0.023
0.025
0.005
0.031

Precipitation and temperature data
Daily precipitation and temperature datasets were acquire from the water resource management
bureau of Iran. The daily precipitation data from 67 climatological stations in the SiminehZarrineh catchment were utilized to analyze the precipitation variability from 2015 to 2017.
The total monthly and daily precipitation, in addition to the daily maximum, minimum, and
mean temperature for each month, were employed as meteorological variables in all the . The
location of the stations in each sub catchment is shown in Figure 1a.
Monitoring soil moisture
Monitoring the SMAP soil moisture dataset focused on the monthly and seasonal variations in
all the subcatchments and was done for a three-year period. The determination the coefficients
between SMAP dataset and precipitation were computed using the monthly and seasonal mean,
respectively. Furthermore, standard deviation (SD) of the mean annual soil moisture was
considered; according to these values for each point, spatial variability of SD was shown with
SD map. The spatial distribution and temporal variability in SMAP data from 2015 to 2017
over the catchment in the seasonal scale were analyzed through the kriging interpolation
approach via the spatial analysis tools of ArcGIS 10.4. Determination analysis was utilized to
find the association among the annual, seasonal, and monthly precipitations and satellite soil
moisture over all the subcatchments of the catchment. A positive r value showed that the means
were directly correlated and vice versa. The values near zero implied less correlation. The
spatial and temporal variability of precipitation and SM for the study period was also considered
to explain the dependency of SM on precipitation.
All SMAP soil moisture datasets at different subcatchments were normalized with the minimum
and maximum SM, as predicted from the SMAP data was computed for each subcatchment in
the period of 2015 to 2017. The normalized soil moisture (𝑆𝑀𝑖(𝑡) ) was determined using the
following equation:
𝑚
−𝑚𝑣𝑚𝑖𝑛𝑖(𝑡)
𝑆𝑀𝑖(𝑡) = 𝑚 𝑣𝑖(𝑡) −𝑚
(1)
𝑣𝑚𝑎𝑥𝑖(𝑡)

𝑣𝑚𝑖𝑛𝑖(𝑡)
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where 𝑚𝑣 is the SMAP soil moisture for position i at each time (t), 𝑚𝑣𝑚𝑖𝑛 is the minimum
SMAP soil moisture value recorded for all the data, and 𝑚𝑣𝑚𝑎𝑥 is the maximum SMAP soil
moisture value recorded for the study period (2015 to 2017).
Results and Discussion
Monthly variations of SM
Figure 2 illustrates the monthly variations of SMAP soil moisture and precipitation for all the
subcatchments. As could be seen, the temporal variation of SM is subject to precipitation
variation throughout the months. The relationship between soil moisture and precipitation in
catchment scale has been well investigated in previous studies (Su et al. 2016; Lei et al., 2020).
In the Simineh-Zarrineh catchment, precipitation was mainly in the cold season (from October
to April) when soil is proportionately wetter and evapotranspiration rate is low. SM
undoubtedly relies not only on precipitation, but also on the surface water balance of
precipitation, evapotranspiration, and runoff. In hotter months (from June to September), high
temperature can intensify the evapotranspiration rate. As shown in Figure 2a, the amount of
monthly precipitation ranged from 45 to 80 mm in the Bokan subcatchment from October 2015
to April 2016. There was much less precipitation in the June 2016 to October 2016, amounting
to less than 10 mm per month. This result is consistent with those reported by Su et al. (2016)
who studied the spatial variability of soil moisture content in Tarim river basin in China. They
revealed that the lowest and highest precipitation in all the subcatchments occurred between
May and October and November to April respectively.
In Figures 2 (a), (b), and (c) the precipitation in October 2015 increases, but the rise in SM
is completely coordinated by the precipitation in this month. It would be a large amount of
precipitation during dry season in summer and early fall, much of which disappears due to high
evaporation and percolation. Figure 2c shows that in January and February 2017, despite the
precipitation event in Takab subcatchment, the soil moisture content tends to zero. It would be
because of the presence of snow cover on the ground, which affects the accuracy of the satellite
sensor during data acquisition (Wang et al., 2018). The Saeinqaleh subcatchment has a
moderate climate (with 334.7 mm precipitation and 11.5 ◦C temperature) and consequently, the
rate of evapotranspiration is lower than that in the other subcatchments. Thus, the monthly
average of soil moisture is high and when a small portion of precipitation occurred, soil
moisture content significantly increased. Figure 2e exhibits that even though precipitation does
not occur from June to August, the Miandoab subcatchment has higher monthly average soil
moisture than all the other subcatchments. This is attributed to proximity and influences of the
hydrological cycle of the Urmia Lake and being located in lowland areas, where receive the
upland surface runoff. Moreover, irrigation for agricultural crops using the two rivers
(Zarrineroud and Simineroud) increases soil water content in this subcatchment.
Seasonal variations of SM
Table 2 summarizes the statistics of SMAP soil moisture in all the seasons. The average and
standard deviation (SD) of SM in the summer was obviously the lowest value, indicating the
minimum water content and SM fluctuation. SD would be the best indicator studying SM
proximity to the mean annual while focusing on the mean precipitation (Wang et al., 2018). In
addition, variation in SM was very low in this season, which could be associated with the higher
evapotranspiration rate and the lack of precipitation. Variation of SD in autumn was very high;
it belongs to the irregular precipitation events and fluctuation of temperature whereas in
summer, SD variation was very low, which would be attributed to the lack of precipitation event
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Figure 2. Monthly variations of soil moisture and precipitation for all the subcathment of SiminehZarrineh catchment: Bokan (a) , Saqqez (b), Takab (c), Saeinqaleh (d), and Miandoab (e) during the
study period from 2015 to 2017. SMAP soil moisture and precipitation are shown with black line and
bars, respectively

Precipitation
(mm)

(cm3.cm-3)

Soil moisture

and the regular increase and decrease in the temperature in the catchment. Briefly, higher values
of SD for soil moisture showed large variations of soil moisture in the study period, which can
be related to further variations in meteorological variables (precipitation and temperature).
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Table 2. Summary of the statistics of SMAP soil moisture in the period from 2015 to
2017 over Simineh-Zarrineh catchment
Season

Year
2015
2016
2017

Min
0.04
0.05

Max
0.24
0.25

Mean
0.1
0.12

Standard Deviation
0.05
0.05

0.05

0.29

0.12

0.06

Summer

2015
2016
2017

0.04
0.05
0.05

0.18
0.14
0.1

0.08
0.07
0.07

0.03
0.01
0.01

Autumn

2015
2016
2017

0.07
0.05
0.05

0.29
0.28
0.26

0.16
0.11
0.11

0.05
0.05
0.05

Winter

2015
2016
2017

0.1
0.12
0.11

0.22
0.16
0.21

0.14
0.15
0.14

0.02
0.01
0.03

Spring

The seasonal variations of the SMAP soil moisture and precipitation were monitored in all
the subcatchments, which are shown in Figure 3. The minimum soil moisture was observed in
summer (from 2015 to 2017). Although in all the graphs, the lowest soil moisture content is in
summer, considering that most precipitation occurs in autumn and winter, soil moisture
increases in these seasons. According to Figure 3, only in 2015, soil moisture content in winter
is approximately equal to that in autumn while in the other years’ winter, the highest soil
moisture was observed in the subcatchments. Figures 3c and d show the decreasing soil
moisture content in autumn to winter 2015; it would be due to high precipitation and low
evapotranspiration in autumn (Albergel et al., 2013). Summer is a dry season when soil is
proportionately drier than that in spring, autumn, and winter so that the lowest amount of soil
moisture was seen in summer. This seasonal variation is considerably transparent compared to
the other temporal variability in the SMAP data. It would be on account of the fact that the
SMAP data are based on a small interval of three days, which may have further uncertainty than
the mean SMAP data across a large area. Su et al. )2016( found similar results in this regard.
They analyzed spatio-temporal variation of soil moisture and its possible influential factors
from 1988 to 2013. They revealed that in the period from 1988 to 2013, the soil moisture shows
obvious increasing trends in the northwestern and southwestern parts of Tarim River basin,
particularly in spring (March-May) and autumn (September-November). In Figures 3 c and d,
the reduction in soil moisture content from spring to summer 2015 is unclear due to high
summer intrinsic soil moisture content or the precipitation events.
Figure 3e depicts that soil moisture in the Miandoab has a relatively high variability with
low precipitation. It appears that soil moisture in this subcatchment is often more than that in
the other subcatchments while the precipitation in this subcatchment is lower than that in the
the others. Figures 2e and 3e do not show any encounter between soil moisture diagram and
precipitation bars; an opposite trend is quite evident in the other charts. Reduction in soil
moisture content from winter to spring in this period was not clear, which could be due to
specific meteorological and hydrological conditions of this subcatchment. As shown in Figure
3, the decreasing and increasing patterns of soil moisture content in 2016 and 2017 were
consistent with precipitation patterns in these years.
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Figure 3. Seasonal variation of soil moisture and precipitation for all the subcathments of SiminehZarrineh catchment, Bokan (a), Saqqez (b), Takab (c), Saeinqaleh (d), and Miandoab (e) from 2015 to
2017. SMAP soil moisture and precipitation are shown with black lines and bars, respectively
Spatial distribution of soil moisture

Spatial distribution of the seasonal SM from 2015 to 2017 is illustrated in Figure 4. Seasonal
soil moisture patterns indicated high soil moisture content in the north and particularly
northwest areas of Simineh-Zarrineh catchment in all the seasons and decease gradually from
west to east. On the contrary, lower SM was observed in the south of the Simineh-Zarrineh
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catchment and the minimum was in the southeast in all the seasons. The distinctive soil moisture
distribution gives an encouraging interpretation for such as land cover configuration; soil water
that provides more water supplies for the vegetation growth. As shown in Figure 4, the medium
to low SM covered more than a third of Simineh-Zarrineh catchment and these areas were
scattered not only in the northern, but also in the southern areas. The areas with a high level of
SM covered small parts of this catchment and were situated in the northwest edge and northern
section of the catchment. Soil moisture was estimated through the SMAP in spring, summer,
and autumn. Quite similar spatial patterns were observed, but in winter, it was different (Figure
4). In spring, all of the snow and frozen soil start to melt when the phenomena of
evapotranspiration and percolation are not strong; therefore, the SM average increases.
Champagne et al. (2016) investigated this issue. They examined two satellite surface soil
moisture data sets from the SMOS and Aquarius missions against in situ networks in large
agricultural regions of Canada. Their results demonstrated that in early drying events, when all
the snow is melted, SM average increases.
The range of SM spatial distribution in spring 2016 was larger than that in other springs. In
spring 2015, SM in the northwest and southeast increased and decreased, respectively.
However, SM in the south area declined obviously due to the increasing evapotranspiration
caused by very high temperature. In autumn 2015, SM increased in the northern and southern
parts. With regard to the land surface water balance, SM could be described as the remaining
precipitation minus percolation and evapotranspiration (Seneviratne et al., 2010). Large scale
evapotranspiration is essentially restrained by the accessibility of SM and energy (Seneviratne
et al., 2010). The main factors of SM variations are precipitation and energy, which enhanced
evapotranspiration. Due to the lack of awareness net radiation at land surface, 2-m air
temperature is used like a proxy of accessible energy. Higher temperature raises atmospheric
requirement of vapor and leads SM to decrease (Brocca et al., 2012).
Figure 4 demonstrates that the northern part of the catchment located in Miandoab
subcatchment had a higher level of SM in all the seasons. This is because of its proximity to
Urmia Lake and also more vegetation cover and the fact that most of the area is irrigated
agricultural land use (Figure 1a). The southern part of Simineh-Zarrine catchment also located
in Saqqez subcatchment had a low level of soil moisture in all the seasons because this sub
catchment has a completely irregular topography and most of the area is for pasture land use.
However, SM increases annually from summer to spring. Generally, the increased soil moisture
in the northwestern area was more obvious than that in the other areas. The spatial distribution
of the SM values for 2015 ranged from 0.064 to 0.443, 0.052 to 0.327, 0.121 to 0.402, and
0.109 to 0.446 cm3for spring, summer, autumn, and winter, respectively. In all the seasons of
2015, the southwest and south of Simineh-Zarrine catchment had a minimum soil moisture
content, which could be due to hilly land and low vegetation cover.
In all the seasons of the studied period, soil water content decreased from north to south in
the Simineh-Zarrine catchment. Nevertheless, from east to west of this catchment, no such
constant pattern was observed. It is notable that the decreased and increased SM patterns in this
period were completely in line with the precipitation pattern. In Miandoab subcatchment,
although precipitation is less, the average soil moisture is high and there is more precipitation.
However, the average soil moisture content is less, which could be due to the soil physicchemical properties and the hydrological conditions.
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Figure 4. Spatial distribution of SMAP soil moisture in Simineh-Zarrineh catchment in seasonal scale
from 2015 to 2017
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Figure 5. Correlation between SMAP soil moisture and precipitation in monthly (a) and seasonal (b) scale for all
the subcatchments of Simineh-Zarrineh catchment

Figure 5 represents the determination of the coefficient for linear fitted line between monthly
and seasonal average SMAP soil moisture and precipitation for all the subcatchments. In the
monthly scale, soil moisture showed a relation with an R2 of 0. 9, 0.83, 0.7, 0.81, and 0.71 for
Bokan, Saqqez, Takab, Saeinqaleh, and Miandoab subcatchments, respectively. In the seasonal
scale, soil moisture indicated an R2 of 0.89, 0.87, 0.87, 0.78, and 0.89 for Bokan, Saqqez, Takab,
Saeinqaleh, and Miandoab subcatchments, respectively. Moreover, the SMAP soil moisture and
precipitation indicated a relation with R2 values of 0.86 and 0.81 in spring and autumn,
respectively, perfectly showing the correlation of the two datasets in different seasons.
Stronger relationships between monthly or seasonal soil moisture and precipitation in certain
areas, such as Bokan subcatchment, demonstrated higher dependency of soil water content to
precipitation in longer rainfall periods (spring). In this period, the rate of evapotranspiration is
relatively lower and agricultural practices, especially irrigation of crops, is lower (Su et al.,
2016). In summer, the determination of the coefficient among SM and precipitation data for
Saeinqaleh was just 0.76; nevertheless, it indicated a good concurrence yet. When there is no
precipitation, the soil is still wet. The reason behind this could be the moisture retained in the
soil, which was not affected by precipitation; for instance, in Miandoab, this soil moisture value
was more than that in the other subcatchments. This subcatchment is located in low land and
the source of soil moisture is the surface currents of the upper subcatchments as well as their
irrigation and suitable vegetation.
Spatiotemporal variability of meteorological variables
The variations of SM, precipitation, and temperature were investigated to obtain further
understanding about the dynamics of SM in the catchment (Figures 6 and 7). The SMAP data
and climatological datasets from 2015 to 2017 were utilized in this study. The spatial structure
of SM was anticipated to associate with the structure of precipitation and temperature. Figure
6 shows the three-year mean spatial structure of the monthly mean SMAP soil moisture and the
monthly mean temperature (◦C) from April 2015 to December 2017. Furthermore, as shown in
Figures 2 and 3, soil moisture variations are subject to precipitation variations; on the other
hand, soil moisture variability is in good agreement with precipitation variability.
Figure 6 indicates the monthly variability of SM versus temperature. These data
recommended that the monthly SM variability in the Simineh-Zarrine catchment are mainly
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balanced by precipitation. Temperature also has a poor effect on the regulating SM variability.
Su et al. (2016) obtained similar results studying Tarim river basin of China. The maximum
precipitation belonged to October 2015 while the temperature was not low. This is mainly the
result of the increased water supply from precipitation rather than intensified evaporated water
result by temperature. As shown in Figure 6, in some months, such as February and December
2016 with lower temperature, the increased soil moisture content is not regular. The main reason
of this issue might be related to melting of snow and the changes in soil physical properties
(structure and porosity) caused by the changes in soil temperature during a day and night in this
study area (Reichle et al., 2015). However, a comprehensive investigation is needed to confirm
this assumption.
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Figure 7. Spatial structure of the monthly mean SMAP soil moisture (cm3. cm-3) and the monthly
mean precipitation (mm) in the Simineh-Zarrineh catchment from April 2015 to December 2017.
SMAP soil moisture and precipitation are shown ith black lines and bars, respectively

Standard deviation of soil moisture
Figure 8 exhibits the spatial distribution of standard deviation for seasonal soil moisture in
Simineh-Zarrineh catchment from April 2015 to December 2017. Obviously, northwestern
and eastern parts of the study area had higher values of the standard deviation, indicating a
large spatial variability of soil moisture in these areas related to high variation of topography,

Precipitation (mm)

SMAP Soil Moisture
(cm3. cm-3)

Figure 6. Spatial structure of the monthly mean SMAP soil moisture (cm3. cm-3) and the monthly
mean precipitation (mm) (a); Figure 6: Spatial structure of the monthly mean SMAP soil moisture
(cm3. cm-3) and the monthly mean temperature (◦C) in the Simineh-Zarrineh catchment from April
2015 to December 2017. SMAP soil moisture and temperature are shown with black lines and bars,
respectively
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vegetation, and soil properties. According to Figure 8, soil moisture content of these parts
was relatively high in spring. The results indicated that the standard deviation variability was
higher in the northwestern parts of Simineh-Zarrineh catchment and most other areas had a
lower standard deviation in summer. The values of standard deviation in spring, summer,
autumn, and winter ranged from 0.026 to 0.069, 0.011 to 0.063, 0.044 to 0.108, and zero to
0.053, respectively. Based on our findings, a high value of standard deviation was observed
in autumn. The reason could be irregular precipitation events, especially in the central parts
of the catchment and in the northeastern parts because of proximity to Urmia Lake. On the
contrary, the relatively low value of standard deviation was seen in winter with low
vegetation covers, which may be on account of snow cover and low evapotranspiration in
this season (Su et al., 2015). Additionally, the accuracy of SMAP satellite sensor in the
presence of snow covers is reduced in this season (Entekhabi et al., 2010).

Spring

Autum
n

Summer

Winter

Figure 8. Spatial distribution of the standard deviation of SMAP soil moisture in the mean seasonal
scale from 2015 to 2017 over Simineh-Zarrineh catchment

Conclusion
Remotely sensed long-term soil moisture is believed to be an efficient tool for monitoring plant
growth condition from space. In this research, the SMAP soil moisture was monitored and
analyzed from April 2015 to December 2017 in Simineh-Zarrineh catchment. In all the
subcatchments, the results revealed that the SMAP soil moisture was in good agreement with
precipitation related to the seasonal and monthly variability; this is indicative of dry soil in
summer and proportionately wet soil in autumn, winter, and spring. The SM data of SMAP
were in accordance with the variation of precipitation concerning their seasonal variability; this
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remotely sensed data from SMAP satellite perfectly retrieved the events of dry and wet
condition and the monthly variations existing in the precipitation. There is also quite well
concurrence of monthly changes among the SM and precipitation, particularly in spring and
autumn. The comparison of SM to the temperature data indicated the reliability of this remotely
sensed data in the Simineh-Zarrineh catchment. Despite the restricted SMAP soil moisture
accessible in this research, the outcomes adequately recommended the ability of the SMAP soil
moisture to indicate dynamics of water cycle in large scales. The results also implied that
precipitation and temperature have a critical function in regulating the spatio-temporal
variability of SM in the Simineh-Zarrineh catchment. In addition, there are several other factors
that can affect SM, such as wind speed, aspect, and slope. However, some other factors may
have an ancillary role. This was not considered in this research because of data accessibility. In
the period from 2015 to 2017, the SMAP data indicated a significant increase in the
northwestern and northern parts of the Simineh-Zarrineh catchment, particularly in spring and
autumn. Spatial distribution of soil moisture standard deviation in Simineh-zarrineh catchment
showed that the northwestern and eastern parts of the study area had obviously high value of
the standard deviation. There are highly concentrated irrigated agricultural lands in the center
of the Simineh-Zarrineh catchment, which will be irrigated particularly in summer. This may
also shed light on the variability in the SM data; this is nevertheless on the far side of this
research scope and needs to be further studied in future investigations.
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