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ABSTRACT
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Lake Urmia—a shallow endemic hypersaline lake in northwest Iran—has undergone a dramatic decline in its
water level (WL), by about 8 m, since 1995. The primary cause of the WL decline in Lake Urmia has been debated
in the scientific literature, regarding whether it has been predominantly driven by atmospheric climate change
or by human activities in the watershed landscape. Using available climate, hydrological, and vegetation data for
the period 1981–2015, this study analyzes and aims to explain the lake desiccation based on other observed
hydro-climatic and vegetation changes in the Lake Urmia watershed and classical exploratory statistical
methods. The analysis accounts for the relationships between atmospheric climate change (precipitation P,
temperature T), and hydrological (soil moisture SM, and WL) and vegetation cover (VC; including agricultural
crops and other vegetation) changes in the landscape. Results show that P, T, and SM changes cannot explain the
sharp decline in lake WL since 2000. Instead, the agricultural increase of VC in the watershed correlates well
with the lake WL change, indicating this human-driven VC and associated irrigation expansion as the dominant
human driver of the Lake Urmia desiccation. Specifically, the greater transpiration from the expanded and
increasingly irrigated agricultural crops implies increased total evapotranspiration and associated consumptive
use of water (inherently related to the irrigation and water diversion and storage developments in the watershed). Thereby the runoff from the watershed into the lake has decreased, and the remaining smaller inflow to
the lake has been insufficient for keeping up the previous lake WL, causing the observed WL drop to current
conditions.
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1. Introduction
The observed climatic changes during the past decades (IPCC, 2014,
p. 30) have impacted most physical and natural processes on Earth,
including the hydrological cycle, vegetation, and ecological balance of
ecosystems (Baldwin et al., 2001; House et al., 2016; Piao et al., 2006).
In addition, extreme climate events are expected to intensify, with increasing impacts on human life (Golian et al., 2015; Pachauri and
Meyer, 2014; Vörösmarty et al., 2010). However, some of the global
environmental changes, including those in water resources systems at
the Earth’s surface (Pokhrel et al., 2017) and subsurface (Felfelani et al.,

⁎

2017; Hashemi et al., 2015; Mohan et al., 2018)—such as rivers,
streams, lakes, and groundwater—may also be due to human-driven
land- and water-use developments and changes in the landscape itself
(Destouni et al., 2013, 2010, Jaramillo and Destouni, 2015, 2014).
In many parts of the world human activities and over-extraction of
water beyond what is naturally available have intensified regional
droughts; causing a socio-environmental phenomenon known as
Anthropogenic Drought (AghaKouchak et al., 2015a; Mehran et al., 2017)
or Water Bankruptcy (Madani et al., 2016). Significant manifestations of
such human-induced droughts can be found in arid and semi-arid regions such as the Middle East (Al-Damkhi et al., 2009; Bari Abarghouei
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et al., 2011; Berndtsson et al., 2016; Davtalab et al., 2017, 2014; Gohari
et al., 2013; Golian et al., 2015; Hashemi, 2015; Izady et al., 2012;
Madani, 2014; Mehran et al., 2015).
Lake Urmia, a major hypersaline lake, is a prime example of an
environmental tragedy in Middle East (Karbassi et al., 2010; Khatami
and Berndtsson, 2013; UNEP & GEAS, 2012), where both climatic and
anthropogenic changes might be significant (Alborzi et al., 2018;
Jamali et al., 2013; Rodell et al., 2018). The surface area of the lake has
decreased dramatically, by around 88%, during the past two decades
(AghaKouchak et al., 2015b; Jalili et al., 2015). Due to its unique
ecosystem and the extent of its deterioration, the fate of Lake Urmia has
become an active but controversial research topic in recent years.
Various aspects of the lake, including the dominant causes of its desiccation, have been studied from different standpoints, leading to a
contested debate between two main camps.
While some researchers consider the Lake Urmia retreat to be predominantly the outcome of the changing climate and a climate-driven
increase of droughts (Delju et al., 2013; Fathian et al., 2015) others
argue that, similarly to other parts of the world (Destouni et al., 2013;
Jaramillo and Destouni, 2015, 2014), the lake may be suffering from
Aral Sea Syndrome (AghaKouchak et al., 2015b) implying that its current situation is not primarily due to purely atmospheric climate
change. Although seasonal changes in the lake water level are strongly
influenced by large-scale atmospheric circulation patterns (Jalili et al.,
2012) different studies have attributed the decline in lake water content
to extensive human activities in the watershed itself, such as various
dam building projects, especially since the 1990s (Alborzi et al., 2018;
Ashraf et al., 2017; Hassanzadeh et al., 2012; Khatami, 2013, p. 82;
Khoshtinat et al., 2015; Khosravi et al., 2018), groundwater over-exploitation at rates faster than the aquifer recharge rate (Alizade
Govarchin Ghale et al., 2018; Amiri et al., 2017, 2016; Ashraf et al.,
2017; Khatami, 2013, p. 16; Tourian et al., 2015; Vaheddoost and
Aksoy, 2017), causeway construction (Marjani and Jamali, 2014;
Zeinoddini et al., 2009), expansion of irrigated agriculture (Khazaei
et al., 2016; Mehrian et al., 2016), and over-consumption of irrigation
water through inefficient agricultural practices (Stone, 2015; Torabi
Haghighi et al., 2018). The last two drivers of water change, i.e., the
agricultural and irrigation expansions in the Lake Urmia watershed,
imply increased water demands that are positively linked with the other
change drivers such as expansion of water storage capacity through
extensive dam building and groundwater over-exploitation (Madani,
2014; Mesgaran et al., 2017) in the same watershed. In addition, there
is consensus among most researchers that the lake’s situation has been
exacerbated by frequent droughts reducing the total available natural
water budget of the lake and its watershed (Alborzi et al., 2018;
Farajzadeh et al., 2014; Khalyani et al., 2014).
Lake Urmia is a prime example of growing number of lake desiccation cases due to Aral Sea Syndrome occurrence seen in various
parts of the world. Thus, this study develops a change-attribution approach (Section 3.4. Change-Attribution Approach) to evaluating the
significance of different climatic and anthropogenic (landscape) change
drivers over the Lake Urmia watershed for the change impacts observed
in the watershed vegetation (including agricultural crops and other
vegetation) and in Lake Urmia itself (Section 4. Results and Discussions). The vegetation development is thus investigated as a possible
important impact indicator of the hydro-climatic interplay between the
atmospheric climate change and the hydrological and various agriculture-related human developments occurring over the watershed
landscape. The study involves a statistical analysis of climate, hydrological, and vegetation characteristics for the period 1981–2015. For
this period, we compile the available data and compare the variations
and long-term patterns of the atmospheric climate variables of land
surface air temperature (T) and precipitation (P), the hydrological
variables of soil moisture (SM) and lake water level (WL) and a vegetation coverage (VC) variable for the landscape of the Lake Urmia
watershed. For these main hydro-climatic-vegetation variables (T, P,

Fig. 1. Map of the Lake Urmia watershed and its location in Iran (Natural Earth
Map Data).

SM, WL, and VC), an integrated correlation and trend analysis is conducted, using monthly and seasonal data for 2000–2015. The developed
approach in this study can be applied for better investigation of similar
cases around the world.
2. Study area and data
2.1. Study area
Lake Urmia is a transboundary water system. The lake itself is located between East Azerbaijan and West Azerbaijan Provinces in
northwest Iran (Fig. 1) with inflowing rivers originating in these two
provinces and the Kurdistan Province to the south. The lake watershed
area is 51,867 km2 and contains 14 main inflowing rivers (Khatami,
2013). Lake Urmia is a shallow terminal lake with depth varying from 5
to 16 m, length in the S-N direction of approximately 140 km, and
central point coordinates of 37°42′ N, 45°19′ E.
The lake is located in a semi-arid climate with mean annual P of
about 357 mm (Fazel et al., 2017; Khalyani et al., 2014; Vaheddoost
and Aksoy, 2017), and the mean annual T of about 11 °C (Delju et al.,
2013). Daily minimum T in the region ranges between 0 °C and –23 °C
in winter, and the daily maximum T can reach 39˚C during summers.
Based on measurements made at hydrometric stations located at the
outlet of major reservoirs in the watershed, the average water discharge
into the lake decreased from 2112 to 750 MCM (million cubic meters)—i.e., around 65% reduction—between 1960 and 2010
(Khoshtinat et al., 2015). The WL of the lake has also dropped significantly in recent decades from 1278 m above sea level (m.a.s.l) in
1995 to 1270 m.a.s.l (water depth reduction of ∼8 m) in 2014
(Khatami and Berndtsson, 2012; Tourian et al., 2015; Zoljoodi and
Didevarasl, 2014).
2.2. Climate data
Climatic conditions in the Lake Urmia watershed are assessed in
terms of the main climate variables P and T, which generally have
significant implications for the hydrologic cycle and vegetation dynamics.
2.2.1. Precipitation
Three datasets are used here to analyze monthly P (Fig. 2). These
are: the Climate Prediction Center (CPC) Merged Analysis of
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Fig. 2. Mean monthly time series of precipitation (P) in the Lake Urmia watershed, based on the CMAP (top), GPCP (middle), and PERSIANN-CDR (bottom) datasets.
Fig. 3. Mean monthly time series of land
surface air temperature (T) in the Lake
Urmia watershed, based on the GHCN CAMS
dataset.

Precipitation (CMAP); the Global Precipitation Climatology Project
Version 2.3 (GPCP); and the Precipitation Estimation from Remotely
Sensed Information using Artificial Neural Networks – Climate Data
Record (PERSIANN-CDR).
CMAP is a product of the US National Oceanic and Atmospheric
Administration (NOAA) and provides average monthly data from 1979
to present with a spatial resolution of 2.5°×2.5° (NOAA, 2016a). CMAP
data are derived from microwave and infrared observations from polar
orbiting and geostationary satellites, as well as gauge data analysis.
GPCP (Adler et al., 2003) provides data with the same spatial and
temporal resolution as CMAP but uses geostationary infrared satellite
imagery retrievals and different algorithms to estimate P. PERSIANN-CDR daily mean P data is available from 1983 at a 0.25° × 0.25°
spatial resolution. This dataset primarily relies on satellite infrared
observations and is corrected based on passive microwave information
and ground-based observations (Ashouri et al., 2015).
Overall, the three P data sets are consistent with respect to their
mean daily P information. PERSIANN-CDR and GPCP indicate that the
average P in the Lake Urmia watershed is 1.4 mm/day, whereas CMAP
shows that the average P is 1.3 mm/day.
To select the best P estimate for our study domain, the Triple
Collocation (TC) error characterization method (Stoffelen, 1998) is
applied to the three P estimates. TC provides an estimate of the random
error in three collocated estimates/measurements of the same variable
without assuming any of the three to be error-free. TC uses the covariance matrix of the three measurements and by assuming that the three
measurements have independent random errors and uncorrelated
random errors with the truth, it calculates the variance of the random
error in each measurement. In addition, TC also provides the correlation coefficient (CC) between each measurement and the truth. Detailed
derivation of this technique is explained in McColl et al. (2014). TC has
been applied to a wide range of environmental variables including SM,
P, sea surface salinity, and land water storage (Alemohammad et al.,
2015; Draper et al., 2013; Parinussa et al., 2011; Ratheesh et al., 2013;
Roebeling et al., 2012). The three estimates of P are aggregated to a
spatial resolution of 2.5° × 2.5°; and then TC is applied to the

aggregated monthly estimates of P between 1983 and 2016, during
which all three datasets are available. Tian et al. (2013) assumed the
error structure of monthly P data to be additive, based on which the
classical Extended Triple Collocation with additive error model (McColl
et al., 2014) is used here. The analysis shows that GPCP has the smallest
random error among the three, and the highest correlation with the
‘truth’ based on TC estimates. The standard deviation of random error
in GPCP, PERSIANN-CDR, and CMAP is estimated to be 0.04, 0.17, and
0.50 mm/day, respectively; and their respective CCs are 0.99, 0.97, and
0.63. Moreover, GPCP showed the highest correlation with the mean P
estimates (derived from the three measurements). Therefore, GPCP is
selected as the best data source for the analysis.
2.2.2. Temperature
T data are extracted from another product of NOAA (NOAA, 2016b)
representing a combination of the Global Historical Climatology Network (GHCN) and the Climate Anomaly Monitoring System (CAMS)
datasets (T GHCN CAMS). This high-resolution dataset provides global
monthly T data from 1948 with a spatial resolution of 0.5˚×0.5˚. It
provides T estimates for land areas and is adjusted by comparison with
observational data (Fan and van den Dool, 2008). Based on monthly
data, the average T in the lake watershed is 9.99˚C for the period
1948–2016, while the average T is 10.17˚C for the period 2000–2016.
The monthly average T time series is presented in Fig. 3.
2.3. Soil moisture data
Surface SM estimates are based on the European Space Agency
(ESA) Climate Change Initiative (CCI) program’s soil moisture (ESA CCI
SM) product. This product blends SM observations from a suite of active
and passive instruments and provides a data record of SM estimates for
the period 1978–2015 (Liu et al., 2012, 2011; Wagner et al., 2012).
Here, the daily data from the latest version (Version 3.2) of this product
are used. Observations are aggregated to monthly values for analysis.
The spatial resolution of the data is 0.25° × 0.25° (see Fig. 4).
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Fig. 4. Mean monthly time series of soil
moisture (SM) in the Lake Urmia watershed,
based on the ESA CCI SM dataset.

2.4. Vegetation cover data

evaluate the NDVI3g results on expansion/reduction of VC in the Lake
Urmia watershed after February 2000. The evaluation showed that VC
estimates of MODIS NDVI and NDVI3g in the Lake Urmia watershed are
strongly correlated (CC = 0.92, p-value = 0.00) during the 2000–2015
period.
Any potential trend in net radiation could affect the NDVI estimates
(Kustas et al., 1993). Hence, the possible impact of net radiation on the
VC estimates is examined over the Lake Urmia watershed. NASA/
GEWEX SRB product provides net radiation data globally between 1983
and 2007 (NASA, 2012), and CERES provides net radiation estimates
worldwide since 2000 (NASA, 2017). SRB and CERES data were merged
to generate net radiation record for the period of 1985–2015 (Orth and
Seneviratne, 2015), and no trend was detected in net radiation time
series in this period.

During recent decades, remote sensing imagery has provided a wide
range of tools for monitoring the health and condition of VC, especially
for large-scale studies. In this regard, several indices have been defined
based on raw remotely sensed reflectance data for study of Earth surface characteristics, among which the normalized difference vegetation
index (NDVI) is a useful and well-studied variable for vegetation study
(Schultz et al., 2016; Tillack et al., 2014; Viña et al., 2011). NDVI was
first used by Rouse et al. (1974) and is calculated based on the response
of vegetation to electromagnetic waves in red (RED) and Near-Infrared
(NIR) bands:

NDVI =

NIR RED
NIR + RED

(1)

2.5. Water level data

NDVI is a dimensionless parameter and its value ranges between −1
and 1. Generally, values greater than 0.4 represent temperate and tropical rainforests, while NDVI values between 0.2 and 0.4 indicate
grassland. Negative low values near −1 normally refer to water, and
small values close to zero (between −0.1 and 0.1) represent urban
areas or areas covered by rock, soil, etc. (Weier and Herring, 2000). As
suggested by many studies (e.g., Delbart et al., 2005; Khazaei and Wu,
2018; Nemani and Running, 1997), an NDVI value of 0.4 can be used as
a threshold for distinguishing vegetation from other types of land cover.
This can be used to classify land into vegetated and non-vegetated land
cover types and thereby as basis for estimating VC.
In this study, NDVI data are obtained from two US NASA datasets:
MOD13Q1 product of MODerate Resolution Imaging Spectrometer
(MODIS); and Normalized Difference Vegetation Index-3rd generation
using the Global Inventory Monitoring and Modeling System (GIMMS).
MODIS13Q1 is estimated from observations onboard the Terra satellite (Didan, 2015; NASA, 2014a). Since February 2000, MOD13Q1
provides vegetation index values, namely NDVI and enhanced vegetation index (EVI), as well as blue (BLUE), RED, NIR, and Mid-Infrared
(MIR) bands on an 8-day basis at a spatial resolution of 250 m. EVI is
another commonly used vegetation index that estimates vegetation
based on RED, NIR, and BLUE bands with improved sensitivity in highly
vegetated areas (Huete et al., 2002). NDVI and EVI products provided
by MODIS are computed from atmospherically corrected surface reflectance imagery data, in which water, clouds, heavy aerosols, and
cloud shadows have been masked out. Despite its high resolution and
abundant temporal availability, MODIS NDVI data is not available prior
to the year 2000.
NDVI3g (the latest version of GIMMS product; NASA, 2014b) provides global estimates of NDVI in a daily format with a spatial resolution of 1/12° × 1/12° (∼8 km) between July 1981 and 2015 (Pinzon
and Tucker, 2014; Tucker et al., 2005). NDVI3g is used for hydro-climatic analyses, including trend and correlation analysis during the
1981–2015 period (see Fig. 5). As MODIS NDVI provides VC estimates
with a higher resolution of 250 m, MODIS NDVI is additionally used to

Two datasets are used for lake WL: direct gauge observations and
the Global Reservoirs/Lakes (G-REALM) dataset.
Daily observations have been recorded at the Golmankhane station
(37°36′ N, 45°16′ E) since 1966 (Khatami, 2013, p. 17) and these data
were obtained from the Urmia Lake Restoration Program (ULRP). GREALM also provides WL estimates on a 10-day basis since 1992. GREALM data are computed from TOPEX/POSEIDON (T/P5), Jason-1,
and Jason-2/OSTM altimetry (USDA, 2017). Fig. 6 shows the WL variations of Lake Urmia for the period 1966–2016.
Although observed and remotely sensed WL fluctuations differ as
shown in Fig. 6, their trends agree with each other. In this study, gauge
observations are selected to analyze WL, since they are on a daily basis
and cover a longer period. Additionally, using G-REALM to estimate WL
could introduce errors/uncertainties associated with the processing of
the satellite data. However, there are also some measurement errors
when observed data are used as WL estimates (Khazaei and Hosseini,
2015).
3. Methods
3.1. Point of change detection
A breakpoint towards a rapid decline around the mid-1990s is seen
in the WL time series (Fig. 6). The Pettitt test (Pettitt, 1979) is used to
find the onset of the WL decline trend and split the WL time series into
two shorter periods, before and after the onset, for the further hydroclimatic analyses. The Pettit test is widely used for detecting points of
abrupt changes or sharp variations in time series of physical variables
(Fan et al., 2012; Rougé et al., 2013; Villarini et al., 2009; Yao et al.,
2015). For a given time series of continuous data xi (i = 1, 2, 3,…, N),
the test statistic Ut,N is calculated as:

Ut , N = Ut

1, N

+ Vt , N ;

t = 2, 3,

,N

(2)

Fig. 5. Mean monthly time series of vegetation coverage (VC) in the Lake Urmia
watershed, based on the GIMMS NDVI3g
dataset.
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Fig. 6. Mean monthly time series of water level (WL) in Lake Urmia, based on gauge observations (top) and G-REALM data (bottom).

where N is the sample size and
N

Vt , N =

sgn (xt

x i ); and sgn (x t

i=1

x i) =

1, xt > x i
0, x t = x i
1, xt < x i

3.2.2. Seasonal Kendall trend
The Mann-Kendall test does not account for seasonality and therefore the Kendall seasonal trend method is also used (Hirsch and Slack,
1984). The test statistics are calculated using Equations (9) to (11):

(3)

S' =

The location of the breakpoint KN in the time series is defined as:

KN = Max |Ut , N |;

t = 1, 2,

,N

(4)

2exp

(5)

xi )

=

N (N

1)(2N + 5)
18

1)

, SMK > 0

(SMK + 1)

, SMK < 0

SMK

ZMK = 0,

(9)

, SSK < 0

(10)

SSK = 0
(11)

As for the Mann-Kendall test, a positive value of ZSK means that the
trend is increasing, a negative value signifies a decreasing trend, and
zero means no trend. The trend is also significant at p-value < 0.05,
when |ZSK| > 1.96. In the presence of seasonality in the data, the value
of ZSK tends to be higher than ZMK.
3.3. Correlation analysis
The association/inter-dependency between different hydro-climatic
and vegetation variables is examined using Pearson, Spearman, and
Kendall CCs (Bevan, 2013; Kendall and Maurice, 1970). Spearman and
Kendall CCs are robust (not dependent upon the underlying distribution
of the data) and resistant (not sensitive to extreme values) alternatives
to Pearson CC (Wilks, 2011, p. 55). The values of all the above CCs
range between −1 and 1. A negative correlation implies an inverse
relationship between variables (Ratner, 2009).

(6)

3.4. Change-attribution approach
An approach is developed for explaining, i.e., attributing main drivers/causes of the observed water changes, within the classical paradigm of statistical analysis (i.e., frequentist inference). Using an inverse
approach, changes in the records (using trend analysis) are first identified, based on which hypotheses are formed to explain the changes.
The hypotheses are then evaluated based on observed associations between hydro-climatic variables (using correlation analysis) to explain
the changes. Through this approach, the explanatory power of the
commonplace exploratory statistical methods is used for change-attribution using the available data for the studied hydro-climatic and vegetation variables, thus constituting a change-attribution analysis.
While the spatial variability of each hydro-climatic variable is aggregated into a single representative time series for the whole watershed, the temporal variability is accounted for by performing the
analysis across different time scales, namely long-term (defined as the

(7)

SMK = 0
SMK

(SSK + 1)
SSK

The Mann-Kendall test statistic ZMK is calculated by:
(SMK

, SSK > 0

ZSK = 0,

where for a time series xi, i = 1, 2, 3,…, N, the time index i (e.g., the
year, month, etc. of observation of each datum) is monotonically increasing by definition, which simplifies the calculations (Wilks, 2011,
p. 166). Each and every data point is sequentially treated as a reference
point and is compared to all of the following data points (Douglas et al.,
2000). The function sgn(xj-xi) is defined in Eq. (3). For N ≥ 8, SMK
follows an approximately normal distribution and its variance is calculated as:
2
SMK

1)(2nk + 5)
18

1)

SSK

N

sgn (xj

S'

k=1

nk (nk

(SSK

3.2.1. Mann-Kendall test
The Mann-Kendall test (Kendall et al., 1990; Mann, 1945) is a
nonparametric method for evaluating the presence of a trend or nonstationarity of the mean in a time series and has been widely used to
analyze trends in hydrological variables (Ahn and Merwade, 2014; Burn
and Hag Elnur, 2002). The test statistics SMK can be defined as:

i =1 j =i+1

=
k=1

3.2. Trend analysis

SMK =

j =i+1

N
2
SSK

For low p-values, the null hypothesis “H0: no change point exists”
can be rejected and, there is a significant breakpoint that divides the
time series into pre- and post-change parts.

N

N

xki ); and SSK =

where j > i, nk is the count of measurements in season k.

6KN2
(N 3 + N 2 )

nk

sgn (xkj
i=1

The statistical significance of KN can be approximated by:

p

nk 1

(8)

The null hypothesis “H0: no trend detected” is rejected at 5% significance level (p-value < 0.05), when |ZMK| > 1.96. Then, a positive
value of ZMK indicates a positive trend and a negative ZMK value indicates a negative trend.
207
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NDVI) within the Lake Urmia watershed in April-July during
2000–2016.
Examination of the spatio-temporal dynamics of VC (Fig. 8 and
green bars in Fig. 7) suggests that vegetation peaks in May. Based on
available observations, average T is estimated to be ∼13 °C during this
month while P is ∼1.7 mm/day, both at proper levels for plant growth.
Thus, May is selected as the wet month (spell) representative. July
(beige bars in Fig. 7) is also selected as the dry month representative
based on its low average P (∼0.5 mm/day), maximal average T (∼23
°C, i.e., the hottest month of the year), and an expected low average VC.
It should be noted that August is also seemingly another candidate for
the dry period representative. But the magnitude and variability of VC
is very low during August, limiting the analysis of VC change. Spring,
particularly May, is an important period for analyzing VC since VC
variations (mostly expansion) has occurred at a faster rate during this
time.
Vegetation dynamics, expressed as NDVI, are known to be strongly
correlated with soil water index and moisture profile (Zribi et al., 2010)
and with P (Gessner et al., 2013). Both NDVI and EVI are used here to
examine VC. Given their similar results, only those based on NDVI are
presented.
4.2. Trends analysis

4.1. Vegetation dynamics

Trends (magnitude and statistical significance) in the hydro-climatic
variables are analyzed across two different sets of time scales; namely
(1) short- and long-term periods, and (2) seasonal and overall periods.
First, long-term trends in monthly records of the hydro-climatic variables are calculated during 1981–2015 (Fig. 9 and Table 1). Long-term
trends may be indicative of climate-driven variations and can provide
an overview of the hydro-climatic characteristics of the watershed.
Second, short-term trends for the two sub-periods of pre-change
(1981–1999) and post-change (2000–2015) are calculated. These subperiods are defined based on the change point in the WL records, detected as the year 2000 using the Pettitt test. It should be noted that the
change point detection method, as a non-parametric analysis, is dependent upon the sample size. That is, selecting the year 2000 as the
cut-off for pre- and post-change periods solely based on a statistical
analysis is not sufficient. This selection is further justified based on
physical characteristics of the watershed, and it is consistent with
multiple studies that identified the mid to late 1990s as the period of
major changes in the lake’s watershed. For instance, Chaudhari et al.
(2018) demonstrated that the impacts of human activities (e.g., dam
constructions and the expansion of urban and agricultural lands) on the
streamflow (Q) inflowing to the lake were amplified beginning 1999
(with the lowest annual average P within the period of 1979–2016),
coinciding with a severe drought started in 1998, leading to a significant decrease in Q into the lake. Alborzi et al. (2018) have also
demonstrated a significant decrease in Q into the lake during the early
2000s due to the drought period of 1998–2002 and increased withdrawal of surface water resources to meet the potable and agricultural
water demands during this period. Due to the fact that the existing
autocorrelation in monthly records could bias trend results, seasonal
Kendall trends are also calculated to evaluate the overall trends.

Fig. 7 shows the monthly average of each hydro-climatic variable
based on the common base period for all variables. VC varies considerably in the watershed from spring (April-June) to winter (JanuaryMarch). The best time of the year for plant growth in the region is late
spring and early summer (May-July) when T is moderate and P is
maximum (see Fig. 7).
In winter, rainfall amount is sufficient for plant photosynthesis but
is mostly in the form of snow, and T is too low that plant photosynthesis
is limited. June-September are the hottest months of the year with the
least rainfall. VC decreases significantly from May onwards. Fig. 8
further shows the spatial and temporal variations in VC (expressed as

4.2.1. Is there a potential link between the changes in WL, T, and P?
No overall long-term and short-term (both pre- and post-change)
trends are found for climatic variables (P and T). While the strong
seasonal and overall trends of WL for the pre-change period are increasing, it exhibits a strong decreasing trend, both seasonally and
overall, during the post-change period. Due to the strength of the postchange WL trends, the long-term trends (seasonal and overall) are also
decreasing, with a greater order of magnitude (i.e., ZMK and ZSK) for WL
than the other hydro-climatic variables.
No trend is detected in P records across the time scales. Although
increasing seasonal trends are apparent in the long-term and pre-

Fig. 7. Monthly average (shaded bars) and the corresponding standard deviation (error bars) of hydro-climatic variables in the Lake Urmia watershed
during 1982–2015. May (green) and July (beige) are selected as representatives
for wet and dry months. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

entire record) and short-term (defined within each pre- and post-change
period), overall (defined over the entire short- or long-term record), and
seasonal (defined as wet and dry months in this study for representing
intra-annual periods with particular characteristics).
4. Results and discussions
Generating VC data is one of the outcomes of this study, needed for
the change-attribution analysis. First, the vegetation dynamics results
are presented (Section 4.1), followed by the discussion of the changeattribution analysis results (trends and correlations, Sections 4.2 and
4.3). The section concludes with a discussion of the role of land-wateruse changes (i.e., expansion of irrigation and agricultural growth) in the
lake’s desiccation. The statistically significant results are discussed, although all results (including the non-significant ones) are presented. It
should be noted that the statistical significance (i.e., p-value) of a given
statistic does not necessarily imply its ‘importance’ or ‘size effect’. That
is, in interpreting the results, the p-value is not a measure of how well
(or how much of) the variation in a given variable is associated with the
variation in another one (Wasserstein and Lazar, 2016).
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Fig. 8. Spatio-temporal variations of NDVI in the Lake Urmia watershed during April, May, June, and July based on MODIS NDVI.

change short-term T records, no trend is detected in the post-change
period with severe declining trends in WL. These observations on P and
T trends contradict the proposition that Lake Urmia has been subjected
to lower P and higher T during the past two decades. That said, the
possible association between WL fluctuations and variability in P and T
is further investigated in the next section (4.3. Correlation Analysis).

watershed and the associated discharge Q into the lake must have decreased in this period, leading to the observed WL decline by ∼8 m
(∼50% of the maximum depth of the lake) between 1995 and 2016.
4.2.3. Trends in wet and dry spells
The hydro-climatic changes in the wet and dry months (May and
July) were also examined for potential dominant seasonal variations
(see Fig. 10).
As shown in Fig. 10, the overall trends in May (wet month) and July
(dry month) records are similar to the short- and long-term trends in the
mean monthly time series. While P, T, and SM either exhibit statistically
non-significant or almost near-horizontal trends, WL has seasonal decreasing trends. Although the VC records for the dry month are not
statistically significant, there is a dramatic increase during the wet
month (which is also the growing season). This supports the potential
link between WL decline and VC expansion, and the implication that ET
has increased due to the increased VC in this month calling for further
investigation of possible anthropogenic factors in the watershed driving
the VC and associated ET increases. It also raises the question whether
the required water for expansion of VC was supplied by over-exploitation of groundwater resources.
Overall, the wet and dry trend results also indicate that observed
climatic changes (in terms of P and T) are not the likely dominant
drivers of the WL change trend in both wet and dry months (May and
July, respectively). The positive trend in WL in the years before 1995 is

4.2.2. Is there a link between the changes in WL and VC?
Although there is a positive seasonal trend in VC during both preand post-change periods, the post-change trend is stronger (a greater
order of magnitude in terms of the trend test statistic Zsk) due to the
expansion of irrigation and agricultural activities (discussed in Section
4.4). Given the high correlation found in other studies between vegetation increase and increase in total evapotranspiration (ET) as well as
the transpiration component in ET (Orth and Destouni, 2018), the positive and steeper trend in the post-change VC, compared to its prechange trend, implies increased transpiration and associated total ET in
this period, over which the overall P, T, and SM levels remain essentially stable. The observed increase in VC is also consistent with reports
on expansion of agricultural lands and increased water withdrawal in
the region (Ashraf et al., 2017; Chaudhari et al., 2018). As a consequence of fundamental water balance in the watershed—in analogy
with similar previous findings, e.g., for the Aral Sea desiccation
(Destouni et al., 2010)—increased ET (due to intensive or inefficient
irrigation) under stable P and SM conditions means that runoff in the
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Fig. 9. Short- and long-term trends in hydro-climatic variables in the Lake Urmia watershed.

possibly due to high P events (Chaudhari et al., 2018), however (Jalili
et al., 2015) showed that the positive trend of lake WL during 1966 and
1995 is not significant at a 95% confidence level. Further, even with an
observed spike in P in May 1986, 2002, 2004, 2010, and 2013, WL
decreased in these years.
It is noteworthy that WL in the lake is an integrated quantity. That
is, WL fluctuations in a particular period (e.g., during May and July) are
the integrated result of interactions between different hydro-climatic
components of the lake system in the previous months. Therefore, a
comprehensive comparison of the hydro-climate variables requires
lagged correlation analysis between these variables and lake WL, as
presented in Section 4.3. In addition, hydro-climate variables are subject to seasonal cycles. Therefore, the change-attribution analysis has
also been carried out for the standardized anomalies (i.e., excluding the
seasonal variations). In order to reduce the influence of seasonal cycles,
long-term average and standard deviation of data for each month of the
year are used as baseline and for standardization, respectively, in
anomaly computations. Results of the change-attribution analysis of
anomalies (see Figure S1 in Supplementary Materials) are consistent
with those of the original data, which resolves the concern about the
effects of seasonal variations in the hydro-climate and vegetation
variables.

4.3. Correlation analysis
To further investigate the association between WL decline and
changes in other hydro-climatic variables, correlation analysis is performed on the monthly averaged data, across the time series during
1981–2015. Long-term correlations are presented in Table 2. The results of all three correlation methods are consistent in terms of the
degree of correlation (and their associated statistical significance) between hydro-climatic variables. Given the nonlinear and complex
nature of interactions between different hydro-climatic processes, in
addition to simultaneous correlation (lag time = 0), we also examine
lagged correlations (1 to 5 months lag between the variables). For instance, time lags, particularly at the watershed scale, between P and VC
and/or WL response can be expected (Herrmann et al., 2005; Wang
et al., 2003). Therefore, here we only present the results for lags with
the highest CCs in Table 2. VC lags five months behind P and SM, and
WL lags three months behind P and four months behind T, SM, and VC,
while no time lag is evident in correlations of other variables.
The highest short-term (pre- and post-change) correlations, comparing simultaneous and lagged CCs, are presented in Fig. 11. For the
short-term correlations, only the Spearman CCs are presented and discussed as Spearman correlation can capture any monotonic relationship

Table 1
Mann-Kendall overall and seasonal Kendall trend statistics of hydro-climatic variables in the Lake Urmia watershed for short-term (pre-change and post-change) and
long-term periods. Statistically significant values at p-value < 0.05 are indicated in bold.
Period

Method

Test Statistic

P

T

SM

VC

WL

Pre-change short-term (1981–1999)

Overall Mann-Kendall

ZMK
p-value
ZSK
p-value
ZMK
p-value
ZSK
p-value
ZMK
p-value
ZSK
p-value

−0.41
0.68
0.16
0.87
0.48
0.63
1.08
0.28
0.26
0.79
1.00
0.32

0.99
0.32
5.11
0.00
0.32
0.75
0.95
0.34
1.68
0.09
9.31
0.00

−1.82
0.07
−3.14
0.00
−0.66
0.51
−0.56
0.58
−2.60
0.01
−6.06
0.00

0.45
0.65
2.44
0.01
0.97
0.33
4.25
0.00
1.22
0.22
4.72
0.00

9.52
0.00
9.37
0.00
−18.09
0.00
−17.93
0.00
−16.96
0.00
−16.78
0.00

Seasonal Kendall
Post-change short-term (2000–2015)

Overall Mann-Kendall
Seasonal Kendall

Long-term (1981–2015)

Overall Mann-Kendall
Seasonal Kendall
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Fig. 10. Comparison of hydro-climatic trends in May (wet month) and July (dry month) during 1981–2015. SMay and SJuly are the slopes of trends in May and July,
respectively. Statistically significant slopes at p-value < 0.05 are shown in bold.
Table 2
Long-term CCs of hydro-climatic variables (upper triangular matrix), and the corresponding p-values in italics (lower triangular matrix). Statistically significant CC
values at p-value < 0.05 are indicated in bold. The results of the lag times with the highest CCs are presented here.

(both linear and non-linear) between variables; unlike Pearson correlation that can only detect linear ones (Wilks, 2011). It should be further noted that non-monotonic associations between the hydro-climatic
variables were not analyzed here, which can be an interesting extension
of this study.

contribution). Increase in T is directly correlated with higher ET rates,
which in turn result in WL reduction. Therefore, some degree of
monotonic relationship for WL-P and WL-T is expected. There is a
strong P-T relationship, consistent in both pre- and post-change periods.
During the pre-change period, there are weak and lagged monotonic
relationships for WL-P (CC = 0.25 with a 3-month lag) and WL-T
(CC = −0.29 with a 4-month lag), which are consistent with the expected physics of the lake WL fluctuations. However, during the postchange period there is no monotonic relationship for WL-P. That is, the
relationship between P, as input to the lake, with WL, as the lake’s
response, has been disturbed. The strength of WL-T relationship during
the post-change period is weakened by almost 40% (new CC = −0.17,

4.3.1. Could any (monotonic) relationship between WL decline and P and/
or T variations be inferred?
Theoretically and under normal conditions, the lake WL goes up/
down with higher/lower P, with both a direct input to the lake (P over
the lake, with a smaller contribution) and an indirect one (P transformed into Q and eventually inflowing to the lake, with a higher
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Fig. 11. Correlation-scatterplot matrix of
monthly hydro-climatic data during the prechange period (1981–1999; lower left in green)
and post-change period (2000–2015; upper right
in red). Statistically significant CC values at pvalue < 0.05 are shown in bold. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version
of this article.)

with the similar lag time of 4 months) that reflects the possible impact
of anthropogenic drivers of the lake WL during this period. The WL-T
relationship in both wet and dry months is similar, but stronger
(CC = −0.52), and consistent with pre- and post-change (see Fig. 12).
Without an increasing trend recorded for T, it cannot be concluded that
increased evaporation (the lake’s only output flux) from the lake has
driven the WL decline (Sima et al., 2013).
A slight change is seen in P-, T-, and SM-VC relationships from preto post-change periods. VC growth seems to be slightly more dependent
on P, T, and SM in the pre-change period. One possible explanation for
such a change could be the excessive withdrawal of groundwater resources—as a replacement for surface waters recharged by P–used for
irrigation during the post-change period that is consistent with the
observed groundwater level decline (Joodaki et al., 2014; Vaheddoost
and Aksoy, 2018; Voss et al., 2013) in the watershed.

the conclusion that the ET increase, associated with increased VC, plays
an important role in decreasing Q and discharge into the lake. In addition, Stone (2015) argued that farmers’ shift to more water-demanding crops increased agricultural water demand and contributed to
the shift in WL-VC relationship by reducing Q. The 4-month lag for the
WL-VC relationship during the post-change period may correspond to a
number of factors including the propagation time to the lake water
deficit created at the surface by water use for vegetation growth and/or
upstream reservoir operation policies, water storage for agricultural
irrigation, and the differences in the seasonal cycles between these
variables.
During 2000–2015 when WL in Lake Urmia has declined more than
in any other time (since the 1960s), the WL-VC relationship is negative.
Vegetated areas were extended—due to anthropogenic land-use change
and agricultural land developments—in the watershed in this period,
while the lake lost a significant amount of water. This inconsistency can
be explained only by accounting for the amount of water used for
agricultural activities in the watershed that increased VC at the expense
of reducing lake inflows. This relationship is again consistent with increases in the transpiration component, and thereby the total ET.

4.3.2. Could any (monotonic) relationship between WL decline and VC
variations be inferred?
An interesting observation is the inversion of a direct and simultaneous association of the pre-change WL-VC (CC = 0.31) to an inverse
and lagged association (CC = −0.23) during the post-change period.
Although the strength of the relationship is moderate, the inversion of
this relationship is an important observation. That is, during the prechange period, changes in the VC did not negatively impact the WL;
nonetheless, the dramatic expansion of VC during the post-change
period (as shown in Figs. 8, 13, and 14) is associated with the WL decline. The seasonal associations for the dry and wet months during the
post-change period further consolidates this observation. WL-VC exhibits a strong seasonal relationship (CC = −0.74) for both dry and wet
months during the post-change period. The negative CC for WL-VC,
signifying the negative effect of VC expansion on the lake WL, supports

4.4. Agricultural growth and associated land-water-use changes
As shown earlier, the VC and agriculture in the Lake Urmia watershed have increased in recent decades (Mehrian et al., 2016). In this
section, a detailed assessment of historical changes in the VC based on
MODIS NDVI is presented. Figs. 13 and 14 illustrate the changes in VC
during the past 17 years in May. Histograms of NDVI frequency in the
Lake Urmia watershed in May during 2001 to 2016 are shown in
Fig. 13, with green bars for values above 0.4 classified as vegetation.
Values ranging from 0.2 to 0.4 indicate a combination of soil, rock,
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Fig. 12. Correlation-scatterplot matrix of the data in wet month May (lower left section in green) and dry month July (upper right section in beige) for the postchange period. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 13. Temporal variability of the histograms of NDVI frequency in the Lake Urmia watershed in May. Green bars show values above 0.4 that are classified as
vegetation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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fertilization impact on VC increase is marginal, compared to the impact
of agricultural and irrigation expansions. Regardless of whether or not
VC expansion is CO2-driven, increase in vegetation is associated with
increased ET since vegetation transpires and therefore needs more
water for its transpiration. This additional water use for transpiration
affects to some degree (depending on the magnitude of vegetation increase and its water use for transpiration) the availability of remaining
water in the watershed and the runoff to the lake, and thereby the WL
in the lake.
Overall, the results indicate a substantial increase in VC, with associated transpiration and total ET increase (under stable T conditions),
and resulting decrease in Q (under stable P and SM conditions) in the
Lake Urmia watershed. The subsequent reduced water discharge into
the lake, under aggressive land- and water-use changes required for the
expansion of (irrigated) agriculture that has occurred in this watershed
since the late 1990 s (Mehrian et al., 2016; Sigaroodi and Ebrahimi,
2010) can be therefore identified as the likely cause of the observed
severe decline in the lake WL.
5. Conclusions
Understanding and distinguishing the atmospheric-climate and
human-landscape drivers of major WL changes of (drying) lakes is a
high research priority, particularly for water resources management
and planning (Clites et al., 2014). These change drivers are also essential for management of other natural resources, given the strong
inter-connection and inter-dependency of water resources, energy
generation, and food production especially in transboundary basins
such as Lake Urmia (Destouni et al., 2013; Engström et al., 2017;
Jaramillo and Destouni, 2015; Keskinen et al., 2016; Madani and
Khatami, 2015; Stevens and Madani, 2016; Tarroja et al., 2014). In
developing a change-attribution approach for such WL changes, we
have investigated available records of hydro-climatic and vegetation
variables (P, T, SM, WL, and VC) for Lake Urmia and its watershed
during the 1981–2015 period. The statistical analysis has identified the
year 2000 as the point of major change in WL, leading to further analysis of the hydro-climatic and vegetation characteristics within the two
short-term periods of pre-change (1981–1999) and post-change
(2000–2015).
Given the stable conditions of P and T (i.e., no statistically significant trends) during both periods, we conclude that these atmospheric climatic changes cannot explain the dramatic decline of WL in
Lake Urmia since 2000. Instead, the inversion of the WL-VC association—from a positive monotonic relationship in the pre-change period
to a negative monotonic relationship in the post-change period—supports the hypothesis that regional human interventions (in terms of
agricultural and associated irrigation expansions) are a primary cause of
the lake desiccation. This hypothesis is further supported by the overall
and seasonal analysis of vegetation dynamics and land-use changes over
the Lake Urmia watershed.
Increased agricultural crop transpiration and thus total ET, associated with the human-driven increase in VC (inherently including irrigation, and water diversion and storage), leading to decreased runoff
and thus Q from the watershed into the lake explains the dramatic WL
decline in recent decades. The impact of VC expansion on water
availability in the watershed and Lake Urmia itself may be further investigated based on additional data for changes in the total water balance of the watershed during the pre- and post-change periods, taking
into account all main water fluxes and storage changes. The study results are consistent with studies of other parts of the world in indicating
landscape changes in human land-use and water-use as main drivers of
water resource changes (Destouni et al., 2013; Jaramillo and Destouni,
2015, 2014). Those studies have also shown that, additionally, atmospheric climate change (sustained changes in P and T) may intensify or
dampen water changes, such as lake desiccation, relative to those
driven by land/water-use changes; however, for the desiccation of Lake

Fig. 14. Histogram of NDVI frequency in May 2000 (top), relative change in
vegetation coverage (VC) in May of each year compared with the previous year
(middle), and Change in VC in different months during 2001–2016 relative to
VC in the corresponding month of the baseline year 2000 (bottom).

urban areas, and developed lands, and the range of −0.2 to 0.1 is associated with land covered with water (mostly the lake).
Fig. 14 (middle) illustrates relative annual changes in average NDVI
values (based on MODIS data), as a measure of VC, in the wet month
(May) during 2001–2016, i.e., the plot shows the ratio of the year-toyear changes (as percentage) in the vegetated area of the watershed in
May over this period. The results show that VC in May was nearly
doubled during the period 2000–2016. Moreover, Fig. 14 (bottom) illustrates that this major expansion in VC during 2010–2016 occurred in
the March-July season (peaking in April-May) of each year, with almost
no relative change in other months. Since the March-July season involves more intensive agricultural activities in the Lake Urmia watershed, sharp inter-annual variations and changes of VC in this season
are likely associated with such activities.
VC increase can also be due to CO2 enrichment; that is, the rise of
atmospheric CO2 concentration may lead to increased vegetation
growth (Peel, 2009). However, available land cover classifications for
the Lake Urmia watershed show that non-irrigated vegetated areas have
increased only slightly between 1987 and 2016, while irrigated vegetated areas (cropland) have increased substantially during this period
(Chaudhari et al., 2018). Therefore, it can be inferred that the CO2
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Urmia, available observations do not provide conclusive evidence for T
and P changes can be considered as the primary causes of the lake
drying so far.
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