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The shrinking of the Aral Sea is one of the most shocking environmental disasters in the world. The Amudarya
River delta (AD) is highly vulnerable to land degradation. In this research, NDVI and albedo, which represent
vegetation and soil conditions, were applied in change vector analysis (CVA) to monitor land degradation. The
vegetation degradation and soil exposure characteristics of land degradation were considered. Furthermore,
based on boosted regression trees (BRTs), eight potential driving factors (precipitation, temperature, drought,
water withdrawal, canal, livestock, salt discharge and population) were chosen to explore their relative im-
portance to land degradation. The results revealed that some land areas have gradually degraded and fell into
high land degradation in the AD, especially in the downstream areas near the Aral Sea. Soil salinization is a
major consequence of high land degradation in this region. Subsequently, 920.75km? and 183.10km? of
abandoned croplands were converted to sparse vegetation and grasslands, respectively. The BRT model indicated
that water withdrawal availability and decreased precipitation were the most influential factors explaining the
land degradation of croplands and natural vegetation from 1990 to 2000, respectively. In contrast, the salt
discharge to the field plot was a major force causing land degradation of different vegetation types in the
subsequent time interval (2000-2015). Because an increase in the groundwater level resulted in secondary soil
salinization, a large proportion (45%) of the increased salinization occurred during this time period. Notably,
due to the accelerated shrinking of the Aral Sea, some land areas surrounding the sea have fallen into high land
degradation. Our findings can contribute to the implementation of the land degradation neutrality initiative to
deploy restoration plans in the AD.

1. Introduction

The Aral Sea was once the fourth largest inland lake in the world,
providing a wealth of important ecosystem services and biodiversity
(Micklin et al., 2016b). Currently, the Aral Sea basin is one of the
world’s major cotton producers (White, 2013). However, the shrinking
of the Aral Sea due to extensive agricultural expansion is one of the
most shocking environmental disasters in the world. As a result, the
ecosystems surrounding the Aral Sea have been nearly destroyed, and
the hydrological balance of the area has changed, particularly in the
Amudarya River delta (AD) (Khamzina et al., 2008). This region

(characterized by a fragile ecological environment) has suffered from
vegetation degradation, soil salinization, dust storms and climate
change at the former shoreline (Micklin, 2007). Land degradation in the
AD has become a prominent environmental issue in recent decades
(Asarin et al., 2010).

Currently, land degradation is one of the greatest ecological issues
throughout the world and will worsen without rapid remedial actions
(IPBES, 2018; UNCCD, 2017). One-third of the global land area is
threatened by the effects of land degradation, which relates to 20% of
the global population, especially rural communities in poverty
(UNCCD, 2017). The ecological environmental problem is particularly
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severe in drylands, which cover approximately 45% of the world’s land
surface, and the problem is continuously worsening and threatens more
than 2 billion people (Pravilie, 2016; Pravilie et al., 2019a; Reynolds
et al., 2007). Land degradation in the AD is a notable case related to
water shortages. However, land degradation in this region is not well
understood.

Land degradation can be triggered by anthropogenic disturbances
and climatic variations (UNCCD, 1994). Anthropogenic disturbances
have been shown to have obvious regional characteristics in the AD.
Due to the expansion of irrigation in upstream areas, agriculture (in the
AD) has faced serious water shortages in dry years. Furthermore, the
salt discharge that reaches the delta has increased because of the salt
leaching from the upstream regions of the river (Bank, 1998). These
saline flows result in land degradation, and in conjunction with in-
adequate and inefficient irrigation water use, they could augment the
groundwater tables and promote secondary soil salinization. Ad-
ditionally, because of the accelerated shrinking of the Aral Sea, the
climate has changed along the former coastline. Maritime regions have
been replaced by sparse vegetation. The AD has become warm in
summer and cool in winter with low humidity (Micklin, 2007). More-
over, the large climate fluctuations in the Amudarya River basin are a
driver of runoff change and will affect the water withdrawal availability
for agriculture, particularly in the AD (Stulina and Eshchanov, 2013).
The rich and diverse ecosystems in these regions have suffered from
considerable harm under extensive human activities and climate
change, especially in the area surrounding the Aral Sea (Fig. 1)
(Micklin, 2004). However, the monitoring of land degradation in this
region, along with different driving factors, has received little attention.

Land degradation has been studied via different methodologies by
means of various indicators on regional scales (Dubovyk et al., 2013a;
Liu et al., 2018; Vogt et al., 2011; Zhang et al., 2017). Currently, the
normalized difference vegetation index (NDVI) and albedo have been
widely used to monitor land degradation (Karnieli et al., 2014; Kundu
and Dutta, 2011; Li et al., 2016; Ma et al., 2011). Reduction in vege-
tation cover is a good indicator of vegetation degradation for mon-
itoring leaf area index and green biomass reduction (Kundu and Dutta,
2011). Albedo is an important physical parameter that reflects soil
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characteristics. Surface albedo is closely related to soil moisture and soil
exposure (Roder and Hill, 2009). Increased albedo can be used as an
indirect indicator for the detection of soil degradation in arid regions
(Liu et al., 2017; Mariano et al., 2018). Previous studies have con-
tributed to the development of land degradation assessments by cou-
pling NDVI and albedo using remote sensing data. However, more
publications have focused on land degradation than on the responses to
the underlying explanatory factors (Liu et al., 2018; Pan and Li, 2013;
Vorovencii, 2017). It is critical to deeply understand the driving factors
to prevent land degradation posed by human pressure and climatic
variations. In addition, the assessment of land degradation in most
studies did not consider the characteristics of different vegetation types
when determining the relative importance of the driving forces (Li
et al., 2016; Zhou et al., 2015). Anthropogenic activities have different
influences on crops and natural vegetation in the AD. Thus, the con-
sideration of various vegetation types is essential in this research. Ad-
ditionally, land degradation is a complicated process that includes land
cover conversions (Gebremicael et al., 2018; Zhang et al., 2017). The
combination of indicators and land use data would be more reasonable
for monitoring land degradation.

The Aral Sea was divided into large and small lakes in 1987. The
large and small lakes receive water from the Amu Darya and the Syr
Darya, respectively. A river flows from the small lake to the large lake.
To restore the small Aral Sea, a 13 km dike was built to restrict the flow
and protect the small Aral Sea (Micklin, 2007). Although the water
level in the small lake has been maintained and has even increased in
wet years, the land degradation in the AD (near the large Aral Sea) has
worsened. Thus, it is necessary to assess land degradation and explore
the driving forces. Vegetation degradation and soil exposure were
considered land degradation in this study (Mariano et al., 2018). The
regions with land degradation were identified as areas with decreased
NDVI and increased albedo. The objectives of this research are to (1)
monitor the spatial and temporal patterns of land degradation; (2) ex-
plore the spatial and temporal patterns of soil salinization; (3) in-
vestigate land use change and climate change; and (4) identify the re-
lative importance of the driving factors of land degradation. Finally, the
land degradation related to the major drivers at various time intervals
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Fig. 1. Location map of the Amudarya River delta. National boundary data were acquired from the National Administration of Surveying, Mapping and
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was discussed. Hopefully, knowledge of the spatiotemporal features of
land degradation will contribute to maintaining ecosystem services and
preserving the ecological environment in the AD.

2. Materials and methods
2.1. Study area

The AD is located in the downstream region of the Amudarya River
basin and comprises two provinces (Karakalpakistan and Khorezm) in
Uzbekistan and one province (Tashauz) in Turkmenistan (Fig. 1). The
AD spans from the Tyuyamuyun reservoir in the south to the Aral Sea in
the north and from the Kyzylkum Desert in the east to the Ustyurt
Plateau in the west, with an area amounting to 36,000 km?. Large
permanent glaciers and snow areas are distributed in the high Pamir
mountains and feed the Amudarya River, which is a main source of
water in the Amudarya River basin (Lee and Jung, 2018). As an end-
water intake from the Amudarya River, the AD has been severely in-
fluenced by large-scale changes in the hydrological regime (Schliiter
et al., 2013).

The region borders the Kyzylkum and Karakum deserts in the east
and south, respectively, and belongs to the Central Asian semi-desert
zone, which is characterized by an extreme continental climate with
low precipitation and high irradiance (Khamzina et al., 2008). The
mean annual precipitation varies from 80 to 120 mm/year. The amount
of evapotranspiration greatly exceeds the mean annual precipitation.
Evaporation is so high (approximately 1500 mm/year) because of the
high winds and temperatures in summer (Akhtar et al., 2013; Schliiter
et al., 2013). Therefore, most regions suffer from negative hydrological
balances and depend on the freshwater inflow from the river (Lal et al.,
2007), especially for irrigated agriculture, which is the backbone of the
regional economy (Conrad et al., 2014).

The ecological environment in the AD is vulnerable to changes in
the hydrological regime and human activities. The hydrological regime
has been transformed dramatically due to cropland expansion, with a
well-known impact on the deltaic ecological environment during the
Soviet Union (Asarin et al., 2010; Micklin, 2007). Many regions have
experienced land degradation and have been converted to sparse ve-
getation with the disappearance of grasslands and lakes (Dubovyk et al.,
2016; Saiko and Zonn, 2000). However, after the Soviet Union col-
lapsed, the river inflow into the AD became highly fluctuant and varied
from 47.18 km® in 1998 to 10.47 km® in 2001, which was related to the
extensive irrigation and water regulation in the upstream regions
(Schettler et al., 2013). Moreover, conflicts over water allocation have
occurred between the water management administration and water use
sectors, as well as between the upstream and downstream regions in the
AD. The irrigation needs for agriculture often conflict with the ecolo-
gical water demands of natural ecosystems. In addition to the water
deficit, this area is well known for its severe soil salinization. Virtually,
most croplands in the region are subject to various degrees of soil
salinity as a result of shallow saline groundwater tables, leading to land
degradation (Dubovyk et al., 2013b; Khamzina et al., 2008). Therefore,
the assessment of land degradation is essential in the AD.

2.2. Data sources

The datasets used in the study include Landsat image data, land use
data and some driving factor data.

The Landsat images (TM, ETM + and OLI) were chosen to build
three mosaics for 1990, 2000 and 2015 at a spatial resolution of 30 m.
Five scenes (path/row 159/31, 160/30, 160/31, 161/30 and 161/31)
were acquired to cover the entire study area. The Landsat data were
downloaded from the United States Geological Survey (http://glovis.
usgs.gov/). To consider the fact that the annual image phase cannot be
exactly the same, these time-series data were employed from May to
September in each period. Due to the limits of clouds and temporal

Ecological Indicators 107 (2019) 105595

resolution in the given year, some Landsat data (stemming from earlier
or later years) were applied to build a cloudless image that covered the
entire study area. Finally, 82 cloud-free Landsat images were selected in
the study.

The land use data were provided by the Research Centre for Ecology
and Environment of Central Asia at the Chinese Academy of Sciences
and were interpreted based on the Landsat images from 1990, 2000 and
2015, along with the corresponding land degradation information. Land
use/cover types were divided into six first-level types (cropland, forest,
grassland, wetland, built-up land and sparse vegetation) with high ac-
curacy (Chen et al., 2015).

To identify the relative importance of the explanatory factors for
land degradation, the potential explanatory variables were chosen to
consider climate change and human activities according to the defini-
tion of land degradation implemented by the United Nations
Convention to Combat Desertification (UNCCD). Considering the data
availability and region-specific environmental characteristics, eight key
potential explanatory variables (precipitation, temperature, drought,
water withdrawal, canal, livestock, salt discharge and population) were
selected in this study (Table S1, Supplementary Material).

The global gridded precipitation and temperature data were ob-
tained from the Climatic Research Unit Datasets from 1990 to 2015.
The gridded climate data were generated based on the observation
station data. This dataset possesses good quality control (Mitchell and
Jones, 2005). The drought information was acquired from the global
Standardized Precipitation Evapotranspiration Index (SPEI) database
(http://spei.csic.es/database.html). The annual statistical data on water
withdrawal and salt discharge were derived from the Database of the
Amudarya River Basin provided by the Interstate Commission for Water
Coordination of Central Asia from 1990 to 2015 (http://www.cawater-
info.net/). The information on the other data is provided in Table S1.
The soil salinization data were calculated based on the Landsat data.
The inversion model has been verified in previous studies (Bouaziz
et al., 2011; Gorji et al., 2017). The formula used to calculate the
salinity index (SI) is as follows (Bouaziz et al., 2011):

SI(TM/ETM) = Joq X a3 (€D)]
SI(OLI) = Ja, X ay 2)

where a4, a,, a3 and a4 illustrate the reflectance in the corresponding
spectral bands from the Landsat spectral bands.

2.3. Methods

2.3.1. Change vector analysis

The change vector analysis (CVA) method is widely applied to
monitor ecosystems and to research land change dynamics (Salih et al.,
2017; Vorovencii, 2017). CVA is a change-detection technique that
focuses on the magnitude and direction of changes in the multitemporal
space among remote sensing images (Lambin and Strahlers, 1994). In
this research, the NDVI and albedo pairs were applied in CVA to
monitor land degradation, which represent the vegetation and soil
conditions, respectively (Liu et al., 2018; Vorovencii, 2017).

The NDVI is related to various vegetation parameters, such as bio-
mass productivity and leaf area index (Zaady et al., 2007). Negative
changes in the NDVI values indicate an increase in vegetation de-
gradation. The NDVI was calculated according to the reflectance of the
red (R) and near-infrared (NIR) bands of a Landsat image (Rouse et al.,
1974).

Albedo is a key physical parameter that reflects land surface con-
ditions, including soil moisture and soil exposure (Roder and Hill,
2009). A positive change in the albedo values indicates an increase in
soil degradation (Ma et al., 2011). In this study, the land surface albedo
was measured based on the spectral bands of Landsat data (Liang,
2001). The formula for albedo based on TM/OLI data is as follows:


http://glovis.usgs.gov/
http://glovis.usgs.gov/
http://spei.csic.es/database.html
http://www.cawater-info.net/
http://www.cawater-info.net/
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Fig. 2. The diagrams of the change vector analyses. (a) Change magnitude; (b) change direction; (c) change classified into three classes.

Albedo (TM/ETM) = 0.35604q + 0.130a3 + 0.373a4 + 0.085a5 + 0.072ct,
— 0.0018 3

4

where a4, a,, as, a4, 0s, 06, 0y and ag demonstrate the spectral re-
flectance of the corresponding spectral bands of the Landsat TM/ETM
and OLI images.

The magnitude (AM) of the changes in CVA represented the in-
tensity of change between date 1 and date 2 based on the Euclidian
distance (Fig. 2a). The AM values can be categorized to identify the
degrees of land degradation or improvement. This value was calculated
as follows (Dawelbait and Morari, 2012):

Albedo (OLI) = 0.356a, + 0.130ct4 + 0.373as + 0.085a + 0.072ag — 0.0018

AMpand1_bandz = +/(date2bandl — datelband1)? + (date2band2 — datelband2)?

5)
where date2bandl represents the value of the NDVI on date 2, and
date2band?2 represents the value of the albedo on date 2.

The direction of the change was measured as the angle (a) between
the two indicators, which represents the change from one pixel calcu-
lated on date 1 to the corresponding pixel measured on date 2 (Fig. 2b).
The angle is acquired by applying the following formula (Dawelbait and
Morari, 2012):

date2band2 — datelband?2
date2bandl — datelbandl

[8%and1_band2 = 6)

The direction of the change is categorized as four quadrants
(Fig. 2c). In the first quadrant (0°-90°) and the third quadrant
(180°-270°), the result shows an increase and decrease in both com-
ponents, respectively, indicating persistent land conditions. In the
second quadrant (90°-180°), the result illustrates that the NDVI is ne-
gative and the albedo is positive, indicating that the areas with land
degradation were considered. In the fourth quadrant (270°-360°), the
NDVI is positive and the albedo is negative, representing that the areas
with land improvement were taken into consideration.

2.3.2. Boosted regression trees

In this study, the influence of the explanatory factors on land de-
gradation was quantified using the boosted regression tree (BRT)
model. The BRT model is a machine learning model that utilizes a non-
parametric regression technique combined with the contribution of the
explanatory factors (Elith et al., 2008). The modelling of natural phe-
nomena with complicated non-linear relations has been advanced from
a technical perspective via the use of BRTs. These models can auto-
matically solve the interaction effects without requiring the prior
transformation of explanatory data (Elith et al., 2008). Two algorithms
were used in the BRTs: boosting and regression trees. Regression trees
have several other advantages. This method can modify the missing
values in the explanatory variables and is not sensitive to irrelevant
input variables. Due to its easy implementation, interpretation and vi-
sualization, regression trees have become a popular technique (Hastie
et al., 2015). Compared with single tree models with relatively poor
prediction performance, boosting is used in BRTs to establish highly

precise rules and to improve the model accuracy (Schapire, 2003).
Because subsamples were chosen randomly at each iteration, the BRT
approach is robust and not prone to overfitting (Friedman, 2002). The
combination of good interpretability of the variables and high pre-
dictive accuracy is another particular advantage of BRTs (Friedman,
2001). Therefore, the BRT method has been broadly applied in remote
sensing and land use change studies (Miiller et al., 2013; Naghibi et al.,
2016; Sica et al., 2016). A more comprehensive explanation of BRTs is
provided in the study of Elith et al. (2008).

The BRT model was implemented in R using the code from the
“dismo” package (Hijmans and Elith, 2013). Three main parameters
need to be specified in the model: (1) learning rate, (2) tree complexity
and (3) bag fraction. All combinations of learning rates from 0.1 to
0.0001 and tree complexities from 1 to 10 were tested to determine the
optimal parameters according to the lowest prediction error. The result
indicated that a learning rate of 0.01, a tree complexity of 5 and a
bagging fraction of 0.5 fit the model with high predictive accuracy.
According to both the improvement to the model when the explanatory
factor is included and the frequency in which the factor is selected, the
relative importance of the explanatory factors is estimated in the BRT.
Finally, to understand the relationship between land degradation and
each explanatory factor, we used partial dependence plots. The partial
dependence plots demonstrate the contribution of each factor to land
degradation after considering the equal influences from other factors.

For input data with the same spatial resolution, we resampled the
spatial resolution of the explanatory factor data to a medium spatial
resolution of 1/12° and composed yearly data. Thus, the output data
shown in the partial dependence plots were counted from the BRT
model based on the spatial resolution of 1/12°.

2.3.3. Mann—Kendall test

To identify the sub-time periods for exploring the direction of land
degradation, the mutation years were detected using the Mann—Kendall
(MK) test in this study. Currently, the MK test has been robustly used in
hydrological and meteorological studies (Bandoc and Pravalie, 2015;
Pravilie et al., 2016, 2019b; Su et al., 2014). The detailed process of the
MK test can be referenced in previous studies (Mann, 1945; Sneyers,
1991).

3. Results
3.1. Spatiotemporal assessment of land degradation

The river runoff variation in the AD has been attributed to climate
change and the expansion of water withdrawals for agriculture by
human activities in the upstream areas. Thus, the annual precipitation,
temperature and runoff were selected to observe the mutation years to
determine different time intervals based on the MK test (Fig. 3). Most
points intersected the 95% confidence intervals in approximately 2000,
which indicates that 2000 can be considered the mutation year from
1990 to 2015. Two time intervals (1990-2000 and 2000-2015) were
chosen for further analysis of land degradation.
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Fig. 3. Mutation results of the annual precipitation, temperature and runoff in the AD. The two red dotted lines are the two critical lines ( = 1.96).

The spatial distribution of land degradation and improvement as
shown in Fig. 4. There were spatial and temporal features of both land
degradation and improvement in the AD from 1990 to 2015. In the
study period (1990-2015), low negative values were observed in the
southwestern part of Tashauz Province, with magnitude values as low
as —0.38. Moreover, the high values were especially concentrated in
the downstream areas in northern Karakalpakistan Province, with
magnitude values amounting to 0.38. For 1990-2000, high positive
values were noted in the northern part of the AD, showing land de-
gradation, while low negative values were observed in the southern
part of the AD, indicating land improvement. Opposite spatial changes
were also identified between the northern part (the negative values)
and the southern part (the positive values) from 2000 to 2015. How-
ever, some regions around the Aral Sea underwent severe degradation
and should not be ignored. In general, large scattered areas with land
degradation were detected in the downstream areas, while con-
centrated areas with land improvement were found in southwestern
Tashauz Province. Thus, land degradation in the AD demonstrates
significant regional characteristics.

Based on Landsat images, three regions were chosen with vegetation
degradation and soil exposure from 1990 to 2015 (Figs. S1 and S2,
Supplementary Material). Land degradation in these areas was detected
effectively by applying CVA to NDVI and albedo (Fig. S2,
Supplementary Material). Thus, the result of the CVA method is reliable
for land degradation monitoring.

Considering the different degrees of the intensity of land degrada-
tion or improvement, the threshold value between the low and high
change intensities was determined based on the density curve of the
magnitude (AM) of the changes (Fig. S3, Supplementary Material).
Because the intensity of change has two classes (low and high), the
threshold was defined by the tails of a 50% distribution (Fig. S3,
Supplementary Material). Then, by combining the results of the direc-
tion of change according to CVA (Fig. 2), the degrees of the intensity of
change could be classified into four categories (Table 1). Fig. 4f de-
monstrates that the change intensity in the AD is spatially inconsistent
from 1990 to 2015 and that high land improvement was found in the
southwestern part. However, high land degradation was observed in the
downstream areas. Most of the lands experienced high or low de-
gradation (39.34%), while some lands underwent high or low im-
provement (22.53%). Furthermore, 38.13% of the areas were identified
as persistent regions. Concerning the high land degradation, a higher
percentage (15.37%) was observed for 2000-2015 than for 1990-2000.
In terms of the percentage of persistent land, there were noteworthy
decreases during different time periods, with 39.26% of the pixels being
categorized as persistent land from 2000 to 2015. Overall, one can
conclude that some lands were gradually degraded and fell into high
land degradation in the AD, especially in the downstream areas next to
the Aral Sea.

The results of the percentage changes of five classes for the different
provinces are shown in Fig. 5, and the land degradation in different
time intervals varied among the three provinces. From 1990 to 2000,
higher percentages of land degradation were found in Karakalpakistan
Province than in the other provinces (Fig. 5), where 17.66% and
23.19% of the pixels demonstrated high and low land degradation,
respectively, followed by those in Tashauz Province. A large proportion
of land improvement was identified in Khorezm Province. Khorezm
Province accounted for 15.27% and 20.16% of the pixels with high and
low land improvement, respectively. However, from 2000 to 2015, the
proportions of high and low land degradation in Khorezm Province
were 14.08% and 20.19%, respectively, and these values were greater
than those in the first interval. Moreover, the proportion of land im-
provement from 2000 to 2015 has declined rapidly compared with that
from 1990 to 2000. In the entire study period, the proportion of land
degradation for the different provinces decreased in the following
order: Karakalpakistan Province, Tashauz Province and Khorezm Pro-
vince. The downstream areas were more likely to be degraded.

3.2. Spatiotemporal assessment of soil salinization

Based on the Landsat data, the SI was calculated and the spatial
distribution of the soil salinization is displayed in Fig. 6. We found that
the soil salinization in the AD was more serious in 2000-2015 than in
1990-2000. Increased salinization was concentrated in the downstream
areas from 2000 to 2015, with increased SIs up to 0.12, while decreased
salinization was identified in the southwestern AD in this period, with
decreased SIs as low as —0.13. However, different spatial changes were
also found in the first time interval (1990-2000). Most areas with de-
creased salinization occurred in the northern part of the AD. The results
indicated that some influencing factors of soil salinization may be
changed, leading to different land degradation trends for these two time
intervals, especially in the northern AD.

The intensity of the soil salinization is categorized into five classes
based on the density curve of the SI changes, which is the same as the
classification method for land degradation (Table S2, Supplementary
Material). The result reveals that the soil salinization change in the AD
was not uniform in space and time from 1990 to 2015. For 1990-2000,
most of the land experienced high or low decreased salinization (43%),
while some land underwent high or low increased salinization (28%).
Moreover, 29% of the areas were identified as persistent regions.
However, opposite spatial changes in salinization were identified over
the subsequent time interval (2000-2015). Twelve percent and 33% of
the pixels showed high and low increased salinization, respectively.
High increased salinization was observed in the downstream areas.
Concerning decreased salinization, the proportions of high or low de-
creased salinization amounted to 29%, which was less than that in
1990-2000. Persistent regions accounted for 26% of the pixels. In
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Table 1
Degrees for division of the intensity of change according to CVA.

AM Land status classification
=0.1 High vegetation degradation or improvement
0-0.1 Low vegetation degradation or improvement

general, the soil salinization in most of the regions was more serious
from 2000 to 2015 than from 1990 to 2000. Moreover, the degree of
soil salinization in northern Karakalpakistan Province was higher than
that in other areas.

3.3. Land use change from 1990 to 2015

Fig. 7 displays the land use maps for 1990, 2000 and 2015. These
land use maps indicated that croplands were the dominant land use
type in the AD in both periods. Table 2 demonstrates the statistical
results for the different land use types and shows that the proportions of
land use types varied over time. Croplands increased quickly from
48.14% in 1990 to 53.14% in 2000, while they decreased to 50.74% in
2015. The change in croplands led to spatial changes in water use, re-
sulting in land degradation in the downstream areas. Concerning
grasslands, the maximum percentage (22.35%) was observed in 1990.
After that, almost 1852.68 km? of the grassland areas fell into other
land use types, which were relatively concentrated in the northern part
of the AD. For sparse vegetation, the area decreased by 227.96 km?
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from 1990 to 2000, while it increased by 439.31km? from 2000 to
2015. The decrease in sparse vegetation was especially concentrated in
the southwestern part of Tashauz Province, while an increase in sparse
vegetation was found in the northern part of the AD, indicating land
degradation in this region. Built-up land was scattered in croplands and
continued to increase from 1696.60 km? in 1990 to 2600.76 km? in
2015. The wetland area decreased by 556.06 km? between 1990 and
2000. However, although the wetland area increased by 341.29 km? in
2015, the wetland area after 2000 was smaller than that in 1990.
Overall, the degree of land use change in croplands and grasslands was
higher than that in the other land use types.

The spatial patterns of the land cover change and the changes in the
corresponding areas between each time interval are displayed in Figs. 7
and 8, respectively. The land use conversions varied among the three
provinces. Throughout the study period, grasslands were the main
source of cropland expansion, followed by sparse vegetation. A total of
1135.36 km? of sparse vegetation in Tashauz Province and 1658.84 km?
of grasslands in Karakalpakistan and Tashauz Provinces were trans-
formed into croplands. Although increased croplands could be bene-
ficial for increasing vegetation greenness, the excessive exploitation of
agricultural water resulted in a reduction in ecological water, leading to
land degradation in the downstream regions. Additionally, 981.24 km?
of grasslands and 183.10km? of croplands were degraded to sparse
vegetation in Karakalpakistan Province. Moreover, 920.75km? of
cropland was abandoned to grassland in this region. These land use
changes could be forced by land degradation. For different time inter-
vals, although grasslands and sparse vegetation were the main sources
of cropland expansion in both time periods, the conversions from 1990
to 2000 were more serious than those from 2000 to 2015. Additionally,
2809.65 km? of the new croplands came from sparse vegetation and
grasslands from 1990 to 2000. In contrast, for 2000-2015, a major
portion of the increased sparse vegetation was mainly attributed to
cropland and grassland and was higher than that from 1990 to 2000.
The high conversion area from croplands to grasslands during this
period was observed in Karakalpakistan Province, with an area up to
1112km? The conversions among croplands and natural land cover
were the main characteristics of land use change in the AD. The
abandonment of croplands and land degradation from grasslands to

sparse vegetation obviously exhibited a new trend along with current
socio-economic development.

3.4. Spatiotemporal dynamics in climate conditions

Fig. 9 presents the spatial distribution of precipitation and tem-
perature change for the different time intervals. Precipitation showed
different spatiotemporal changes over different time periods. The AD
from 1990 to 2000 experienced a decreased change in precipitation,
with large decreases found in the northern part, and an increase was
observed from 2000 to 2015, with the greatest change being 65.92 mm.
Throughout the study period, the increase in precipitation in the
southern part was higher than that in the northern part. The tempera-
tures showed a clear upward trend over the different time intervals.
Notably, the temperature increases from 1990 to 2000 were higher than
those from 2000 to 2015. The changes ranged from 0.40 °C to 0.54 °C.
From 1990 to 2015, the temperatures presented a large increase in
northern Karakalpakistan, with the greatest change as high as 0.79 °C.
Overall, the AD rapidly warmed from 1990 to 2015, especially in the
area surrounding the Aral Sea.

3.5. Factors affecting land degradation processes

The relative influence of the explanatory factors for land degrada-
tion is determined using the BRT model, as shown in Table S3. The BRT
model for land degradation during the study period indicated that
water withdrawal, precipitation and temperature explained more than
half of the variance (Table S3, Supplementary Material), with relative
influences up to 25.2%, 22.1% and 13.7%, respectively. Water with-
drawal had a major effect on land degradation, followed by precipita-
tion. The joint pairwise interaction plots for water withdrawal and
precipitation indicated that land degradation was more likely to occur
in areas with decreased water withdrawal (< —0.02km®) and in-
creased precipitation (< 20 mm) (Fig. 10). The relative effects of the
explanatory factors varied between different vegetation types. The
water withdrawal (23.8%) and temperature (15.8%) in croplands were
the major driving factors affecting land degradation. In contrast, the
precipitation (28%) and temperature (22.3%) in grasslands had major
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effects on land degradation. Land degradation in sparse vegetation was
driven by several main factors, including precipitation, temperature
and livestock, which contributed 27.1%, 22.1% and 16.1%, respec-
tively.

The BRT model for land degradation for 1990-2000 showed that the
areas in which precipitation, water withdrawal and salt discharge
contributed together equalled almost 70% of the model's explained
variance (Table S3, Supplementary Material). Precipitation had a major
effect on land degradation during this period. The joint pairwise in-
teraction plot for precipitation and water withdrawal indicated that
land degradation was more likely to occur in areas with decreased
precipitation (< —40mm) and water withdrawal (< —0.02 km?)
(Fig. 10). For different vegetation types, water withdrawal (30.2%) and
precipitation (25.3%) in croplands constituted the major effects on land
degradation. However, grasslands and sparse vegetation with decreased

precipitation and increased temperature all contributed to more than
half of the model's explained variance for land degradation. For
2000-2015, we found that salt discharge, water withdrawal and pre-
cipitation explained more than 50% of the model's explained variance
(Table S3, Supplementary Material). Salt discharge (18.1%) showed a
major influence on land degradation during this period. The joint
pairwise interaction plot for salt discharge and water withdrawal in-
dicated that land degradation was most likely in areas where increased
salt discharge to the field plot (> 40,000 tons) and reduced water
withdrawal (< 0 km?®) occurred (Fig. 10). In croplands, land degrada-
tion was mainly explained by salt discharge and water withdrawal,
which demonstrated relative influences as high as 26.9% and 18.1%,
respectively. In grasslands and sparse vegetation, in addition to the
effects of precipitation and temperature, salt discharge contributed to
almost 20% of the variance in land degradation. Overall, water
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Table 2
Statistical areas and percentages of different land use types.
Type 1990 2000 2015
km? % km? % km?® %
Cropland 17583.56  48.14 19409.96 53.14 18535.53 50.74
Grassland 8165.73 22.35 6547.61 17.92  6313.05 17.28
Wetland 1397.38 3.83 841.32 2.30 1182.61 3.24

1696.60 4.64
7685.47 21.04

2272.35 6.22
7457.51 20.42

2600.76 7.12
7896.82 21.62

Built-up land
Sparse vegetation

withdrawal, climatic factors and salt discharge had larger impacts on
land degradation than other factors in the AD.

According to the salt discharge recorded by the Tyuyamuyun gau-
ging station at the entrance to the AD, the salt discharge increased by
17,108 thousand tons from 2000 to 2015, and the salt discharge to the
field plot greatly increased during this time period (Fig. S4,
Supplementary Material). The increased salt discharge to the land was a
driving factor that could exacerbate soil salinization in the AD. In
contrast, a significant decreasing trend in the salt discharge was found
before 2000, and the salt discharge to the field plot decreased by
10,204.2 thousand tons. Thus, soil salinization could be alleviated
under decreased salt discharge to the field plot. Additionally, based on
the observation data recorded at the well near the Aral Sea, the annual
change in groundwater tables changed dramatically throughout the
study period. A considerable drop and rise in the groundwater table
were observed before and after 2001, respectively. The changes in the
groundwater table inevitably impacted the soil salinization in this re-
gion. Therefore, the overall changes in soil salinization were closely
correlated with the salt discharge and groundwater tables. This phe-
nomenon may be caused by human activities in this region.

4. Discussion
4.1. Anthropogenic disturbances of land degradation

The directions of land degradation of different vegetation types for

different time intervals were investigated in this research. Previous
studies focused on land degradation based on the change trend of ve-
getation indicators, which ignored land use change. The effects of land
degradation could not be detected effectively (Zhang et al., 2017). Land
degradation is the result of a combination of drivers (D’Odorico et al.,
2013). Thus, the main driving factors of land degradation were eval-
uated over different time intervals based on the BRT model. The com-
bination of the BRT model and land degradation constituted another
technical advancement in this type of research.

Water withdrawal for 1990-2000 was the most influential factor
explaining the land degradation of croplands in the AD (Table S3,
Supplementary Material). Many croplands were distributed in this re-
gion and were irrigated with river water. However, after 1990, dry
spells were frequently observed (Stulina and Eshchanov, 2013). De-
creased runoff in the AD was observed from 1990 to 2000 and attrib-
uted to climate change and excessive water withdrawal in the upstream
regions (Fig. S5a, Supplementary Material), and the agricultural water
availability was greatly reduced. Decreases in water withdrawal of
57.64%, 38.04% and 28.30% were recorded in Karakalpakistan,
Khorezm and Tashauz Provinces from 1990 to 2000, respectively, and a
severe agricultural water shortage occurred in 2000, especially in
Karakalpakistan Province (Figs. S5b-d, Supplementary Material). Fur-
thermore, due to the agricultural expansion in the southwestern part of
Tashauz Province, a water supply canal was built on the left bank of the
Tyuyamuyun reservoir and connected to the Malyab Canal. Together,
they are known as Turkmen Darya, which delivers water from the
Amudarya River (Zonn and Kostianoy, 2013). Thus, we found that most
of the cropland expansion converted from sparse vegetation was con-
centrated in this region (Figs. 7 and 8). The area of croplands increased
by 1826.40 km? during this period (Table 2). Subsequently, the agri-
cultural water shortages were further exacerbated, especially in the
downstream area of Karakalpakistan Province (Fig. S5b, Supplementary
Material). As the water use per irrigated area decreased, the soil
moisture levels were reduced, and the croplands were susceptible to
droughts, resulting in land degradation and major crop failures
(Dubovyk et al., 2013a; Kulmatov, 2014). The results of the present
study confirm that the proportion of land degradation was higher than
the amount of land improvement in this period. Additionally, land
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degradation in the downstream areas was more serious than that in the
upstream regions (Fig. 5).

Salt discharge to the field plot showed a major influence on land
degradation in croplands from 2000 to 2015 (Table S3, Supplementary
Material). Thus, severe soil salinization was observed in most of the
regions during this period, especially in Khorezm and northern Kar-
akalpakistan (Fig. 6). In Khorezm, most subsoils are slightly or mod-
erately saline, while most topsoils above 60cm are strongly saline

(Akramkhanov et al., 2012). The water withdrawal in Khorezm in-
creased by 53.03% from 2000 to 2015 (Fig. S5, Supplementary
Material). Approximately 62% of the irrigation water withdrawal was
wasted before being used in crops because of the low irrigation effi-
ciency (Kitamura et al., 2006). Furthermore, the drainage network has
limited capacity. This water waste caused a rise in the groundwater
level to 1.5m as well as an increase in groundwater salinization during
the cropping season (Fig. S4b, Supplementary Material) (Stulina and
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Eshchanov, 2013). Therefore, secondary soil salinization is particularly
serious in the arable lands of Khorezm Province. The salinization of
secondary soil mainly resulted from the salinity of irrigation water and
groundwater (Ibrakhimov et al., 2007). Moreover, much of the irriga-
tion water from the upstream regions of the river flowed into the
northern part of Karakalpakistan (Severskiy, 2004). The salt discharge
to croplands largely increased by 8228.2 thousand tons during this time
period (Fig. S4a, Supplementary Material), and was more serious in the
downstream areas than in the upstream areas. Thus, many croplands
experienced large increases in salinization (Fig. 6), and some croplands
were abandoned to grasslands and sparse vegetation in northern Kar-
akalpakistan (Fig. 7). Additionally, after the Soviet Union collapsed,
Turkmenistan and Uzbekistan changed from a socialist to a capitalist
society, resulting in massive rural-urban migration and a different
economic development model as planned economies transitioned to-
wards free markets (Gleason, 2003). Subsequently, the heavy subsidy
for agriculture disappeared, and agriculture was characterized by a
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substantial decline in profitability and insecure land tenure (Hostert
et al., 2011). This difference facilitated the abandonment of degraded
croplands in the AD. Simultaneously, abandonment of farmlands also
caused adverse socio-economic impacts, including increased food in-
security, reduced households and increased unemployment (Bekchanov
and Lamers, 2016).

Most grasslands and sparse vegetation were distributed in the
northern part of the AD. The result of the BRT model indicated that salt
discharge was a major force causing land degradation from 2000 to
2015. Although the increased precipitation was beneficial for vegeta-
tion growth (Fig. 10), increased sparse vegetation was found because of
the conversion of grassland near the Aral Sea (Figs. 7 and 8). In addition
to the effects of groundwater salinization, increased salinity in river
runoff was noticed from 2000 to 2015. According to the data on salt
discharge recorded by the Samanbay gauging station (near the Aral
Sea), the salt discharge increased during this period (Fig. S4a,
Supplementary Material). The northern part of the AD received a large
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amount of saltwater, which contributed to severe soil salinization of
grasslands and sparse vegetation, which were widely distributed in this
region that experienced land degradation (Fig. 6). This observation
explains the fact that the regions have been degraded with increased
precipitation (Figs. 7 and 10). Soil salinization in most regions was
more serious from 2000 to 2015 than from 1990 to 2000, particularly in
the northern AD (Fig. 6).

4.2. Climate change as a driver of land degradation

The BRT model showed that precipitation and temperature were the
main driving factors affecting the land degradation of grasslands and
sparse vegetation (Table S3, Supplementary Material). The growth of
natural vegetation is not dependent on artificial irrigation. Rather, the
growth is dependent on rainfall. We found that precipitation in the AD
experienced an overall decreasing trend from 1990 to 2000 (Fig. 9,
Supplementary Material) and that a strong negative relationship existed
between the marginal effect of land degradation and precipitation
(Fig. 10).

The previous finding indicated that water withdrawal was related to
the change in water resources during the study period in the Aral Sea
basin. As presented in Fig. S6, the annual runoff varies strongly because
of climate change in the mountains. The correlation coefficients be-
tween runoff and precipitation and temperature were 0.53 and —0.47,
respectively. Therefore, the large climatic fluctuations in the mountains
were also a driver of the runoff change and affected the water available
for withdrawal and soil salinization in the Aral Sea basin. Furthermore,
the relationship between river flow and ecological water was positive,
with a correlation coefficient as high as 0.96 (Fig. S5a, Supplementary
Material). Thus, climate change could have influenced the availability
of water for the ecological environment in the AD, especially from 1990
to 2000. The decreased amount of ecological water has caused grass-
land degradation in some areas near the former shoreline. This ob-
servation indicates that significant land degradation was observed in
the transitions among grasslands and sparse vegetation in the northern
part of the AD (Figs. 7 and 8). Therefore, this region experienced sig-
nificant land degradation as a result of the severe reduction in river
inflows during 1990-2000 (Asarin et al., 2010). Throughout the study
area, land degradation in the downstream areas from 1990 to 2000 was
more serious than that in the upstream areas.

In addition, the Aral Sea has steadily declined in size primarily due
to expanding irrigation after 1960 (Micklin, 2007). However, the
agricultural water tended to remain in the upstream regions after 1990
(Micklin et al., 2016a). The dramatic decrease in the river inflow gen-
erated from the Pamir and Hindukush mountains contributed to the
accelerated recession of the Aral Sea (Fig. S6b, Supplementary
Material). The large Aral Sea was separated into its eastern and western
parts in 2006. Furthermore, the area of the Aral Sea shrunk to nearly 0
in 2014. As the dryness in summer strengthened, the continental cli-
mate changed, which led to a significant increase in evaporation from
plants (Micklin et al., 2016b). Thus, more land areas surrounding the
Aral Sea exhibited high land degradation than in other regions (Fig. 4).
This result is consistent with a previous study indicating that some
fields near the Aral Sea became highly sensitive to desertification
during this period (Jiang et al., 2019).

Identifying areas with land degradation can play a supporting role
in the implementation of the land degradation neutrality (LDN) in-
itiative (Pravalie et al., 2017). The LDN initiative proposes that the
quality of land resources should remain stable or increase. Sustainable
Development Goal 15 specifically called for achieving the LDN in-
itiative by the year 2030 (Wunder et al., 2018). The results of factors
affecting land degradation suggest several practical measures for re-
ducing land degradation in the downstream areas: (1) application of
drip irrigation in agricultural areas, which can reduce evaporation and
drainage losses; (2) restriction of the expansion of irrigated lands,
especially in southwestern Tashauz Province; (3) reduction in salt
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discharge from the upstream regions; and (4) assurance of a suitable
groundwater table for vegetation growth. Additionally, the stable land
areas should maintain their current state via the implementation of
appropriate measures in the AD. A previous study indicated that land
degradation undermined ecosystem functions and services and has
negative effects on ecological and socio-economic systems (Pravalie
et al., 2017). Therefore, identifying areas with land degradation as the
main spatial targets for the deployment of restoration plans is critical
for the implementation of the LDN initiative.

5. Conclusions

This research monitored the land degradation in the AD by applying
CVA to NDVI and albedo for the period of 1990-2015. By linking the
trajectories of land use change, we investigated land degradation and
calculated the relative importance of the driving factors for land de-
gradation based on the BRT model. The results illustrated that land
degradation was especially concentrated in the downstream areas of
northern Karakalpakistan throughout the study period (1990-2015),
with magnitude values amounting to 0.38. In contrast, land improve-
ments were observed in the southwestern part of Tashauz Province,
with magnitude values as low as —0.38. Some land areas gradually
degraded and were categorized as high land degradation in the AD,
especially in the downstream areas surrounding the Aral Sea.

Land degradation could force land use changes in the AD.
Transitions among natural vegetation and croplands are major features
of contemporary land use change in this region. Severe land degrada-
tion was detected in many regions, especially in northern
Karakalpakistan Province. Subsequently, 920.75km? and 183.10 km?
of abandoned croplands have been converted to sparse vegetation and
grasslands, respectively, and have suffered from severe land degrada-
tion in northern Karakalpakistan Province. Moreover, 981.24km? of
grassland has degraded into sparse vegetation. As the vegetation cover
of different land use types increases, the extent of the influence of land
degradation will increase in the AD.

Land degradation over different time intervals was caused by sev-
eral major driving factors. From 1990 to 2000, the water available for
withdrawal was the most influential factor explaining the land de-
gradation of croplands. The agricultural water availability was greatly
reduced during dry spells. Furthermore, much of the sparse vegetation
in southwestern Tashauz Province was reclaimed as arable lands.
Subsequently, agricultural water shortages were exacerbated in
Karakalpakistan. Decreased precipitation was the main driving factor
that affected the land degradation of sparse vegetation and grasslands.
The growth of natural vegetation is not dependent on artificial irriga-
tion but rather on rainfall. The BRT model indicated that land de-
gradation was more likely to appear in areas with decreased pre-
cipitation (< —40mm) and water withdrawal (< —0.02km?).

In contrast, salt discharge to the field plot was the main force that
caused land degradation of croplands in the AD over the subsequent
time interval of 2000-2015. A rise in the groundwater level in this
period was observed to cause problems in the use of water resources,
resulting in secondary soil salinization and land degradation. For
grasslands and sparse vegetation, the increases in salt discharge from
upstream regions contributed to severe soil salinization in the natural
vegetation, which contributed to land degradation. The BRT model
indicated that land degradation was most noticeable in areas with in-
creased salt discharge to the field plot (> 40 thousand tons) and re-
duced water withdrawal (< 0 km®). Notably, because of the continued
shrinkage of the Aral Sea, some lands surrounding the sea have ex-
perienced high land degradation.

Our findings can contribute to the implementation of the LDN in-
itiative in the AD. The identification of areas with land degradation in
the downstream areas can be used as the main spatial targets for the
implementation of the LDN initiative to deploy restoration plans. In
addition, it is extremely important to keep the stable regions identified
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in this study in their current state. Land degradation results from a
combination of multiple factors and is an extremely complex changing
process. Due to the availability of data on the explanatory factors, we
did not consider other impacts on land degradation. In future studies,
more explanatory factors are needed to obtain a deeper understanding
of land degradation in the AD.
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