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Highlights

e  Opver half (56.5%) of Thi-Qar’s vegetation cover showed a decrease from 2001 to 2022,
showing widespread degradation.

e  Regression analysis showed that the NDVI was influenced more by streamflow than
by LST or rainfall.

e  The strong correlation between the NDVI and streamflow suggests that water man-
agement is more critical than climate patterns in preventing land degradation in
this region.

e  This study presents a replicable model for monitoring the effects of hydrological—-
climatic interactions on vegetation cover in similar arid places around the globe.

What are the main findings?

e  Vegetation degradation is widespread: over half (56.5%) of Thi-Qar experienced
vegetation loss from 2001 to 2022, with only 12% of the region showing improvement.

e Streamflow outweighs climate factors: hydrological control, particularly river dis-
charge, is a stronger determinant of vegetation cover than rainfall or temperature,
underscoring the importance of human water management as a key driver of land
degradation or recovery.

What are the implications of the main findings?

e  Water management is critical for land restoration: the strong link between streamflow
and the NDVI suggests that improving water distribution and irrigation efficiency
could mitigate degradation more effectively than climate adaptation alone.

W) Check for updates e A scalable monitoring framework for arid regions: the study provides a replicable,

satellite-based model to assess vegetation responses to hydrological and climatic
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changes, supporting evidence-based policy in vulnerable drylands worldwide.
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Abstract

Environmental degradation in Iraq is a critical issue that requires strong monitoring. One
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indication of land degradation is a decrease in or loss of vegetation cover. This study
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o i examines changes in vegetation and productivity in the Thi-Qar region from 2001 to 2022,
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across distinct land cover classes in arid and semi-arid regions, we developed a replicable
multi-source geospatial framework. We used MODIS data within the Google Earth Engine
platform to perform spatiotemporal analysis. We applied models to detect NDVI trends
on a pixel-by-pixel basis. This study provides the first integrated, data-driven assessment
of vegetation sensitivity to streamflow versus climate in the Thi-Qar Governorate using
a harmonized multi-source dataset. This combines the FAO WaPOR NPP dataset with
hydrological (streamflow) and climatic (CHIRPS rainfall, MODIS LST) variables within an
analytical workflow to extract anthropogenic water management from climatic drivers. The
results showed variations in the NDVI and productivity in the southern and southwestern
regions, indicating areas of both degradation and improvement. The analysis found that
12% of the study area showed improvement, while 56.5% of the area showed degradation.
Additionally, we classified the study area as either vegetation (cropland) or non-vegetation
(fallow arable land, bare areas, and sand dunes). A multiple regression model was then
applied to these categories to examine the relationships between streamflow, precipitation,
land surface temperature (LST), and the NDVI. The multiple regression for the entire
region showed that these factors explained 45.1% of NDVI variation, with streamflow
being the most significant positive driver (p < 0.001). The result showed that the NDVI
in cropland and arable land was strongly positively correlated with both precipitation
and streamflow (R = 0.78, R = 0.75). In contrast, bare land and dunes showed weaker
relationships (R = 0.26 and 0.51, respectively). Of these factors, streamflow had the most
significant influence in explaining vegetation change (partial correlation p = 0.53), indicating
the importance of human management in addition to climate.

Keywords: degradation; NDVI; climate factors; Google Earth Engine (GEE); streamflow;
Mann-Kendall

1. Introduction

The Middle East-North Africa (MENA) region is facing some of the world’s most
severe challenges related to climate change and land degradation. These stressors closely
resemble those affecting other arid and semi-arid regions worldwide, such as the Sahel
and the southwestern United States [1-3]. Over 70% of permanent surface water loss
globally occurs in five countries, including Iraq [4], and highlights the need for international
cooperation to manage shared water resources and mitigate climate impacts. Studying the
shifting climatic conditions in the Middle East and other regions over an extended period
is necessary to assess the current situation and to predict future change. For this, the use of
remote sensing techniques combined with statistical analyses offers a replicable framework
for assessing vegetation and climatic changes in this and other regions [5,6].

Remote sensing is widely used to study land degradation on regional, continental, and
global scales, with land-use change and vegetation index measures as the most common
indicators [5,7]. The normalized difference vegetation index (NDVI) is widely used to study
the spatial-temporal evolution trends in vegetation cover, since it is sensitive to vegetation
cover and productivity, and reduces errors caused by variation in instrument calibration,
solar angle, terrain, cloud shadows, and soil color [8-10]. Subsequent advances empha-
sized the need for multi-indicator frameworks. For example [11], the four remote sensing
indicators—vegetation cover, runoff, soil erosion, and rain use efficiency (RUE)—were inte-
grated to create a desertification monitoring system for sub-Saharan Africa, demonstrating
that no single index could fully capture the complex process of land degradation. This
emphasizes the necessity of multivariate, long-term monitoring.
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Further studies in the field have involved linking physical environmental changes
with hydrological and human-related factors. Studies such as [12] applied the Dahlem
Desertification Paradigm (DDP) to understand how hydrology connects biophysical and
socio-economic factors, while [13] used hydrological modeling to quantify how land cover
change (e.g., deforestation) directly alters basin-scale water balance and runoff. More
recently, the advent of cloud-computing platforms like Google Earth Engine (GEE) has
enabled continent- and regional-scale spatiotemporal analyses. For example, vegetation
dynamics across South Asia from 2001 to 2023 have been analyzed using MODIS NDVI
within GEE to disentangle the roles of climate and anthropogenic activities [14]. A compa-
rable approach using Sentinel-2 NDVI in GEE was applied to assess vegetation changes in
Al Jazirah, Sudan, linking shifts to environmental and socio-political factors [15]. Despite
these advances, few studies have applied such integrated and data-driven approaches
to arid river-dependent regions like southern Iraq. In particular, the relative influence of
managed water resources (streamflow) compared to climatic factors on vegetation health
has not been quantitatively evaluated across different land cover types in Thi-Qar Gover-
norate. For example, [16] investigated precipitation and temperature impacts on the NDVI
but did not incorporate local streamflow dynamics or assess their role relative to climate
in a spatially explicit manner for this vulnerable governorate. In contrast, our current
study uses satellite-derived agricultural and water productivity data from the FAO WaPOR
(Water Productivity through Open access of Remotely sensed derived data) database to
support a more process-based assessment of land degradation in Thi-Qar. WaPOR provides
spatially consistent estimates of key variables, particularly net primary production (NPP)
and actual evapotranspiration (ET), which help link vegetation conditions directly to water
use and management. By combining WaPOR NPP with traditional vegetation indices such
as the NDVI, this approach moves beyond monitoring vegetation cover alone and enables
improved assessment of changes in carbon uptake and water productivity. This integrated
framework aims to offer clearer insight into the interactions between human activities,
water availability, and vegetation dynamics in these arid and semi-arid regions.

Recent research shows that vegetation dynamics in arid and semi-arid regions are
shaped by the combined influence of climate variability and human activities such as
land-use change, water use, and ecological restoration [17-19]. For example, recent studies
have quantified how precipitation, temperature, and human impacts contribute to NDVI
changes over long periods in river basins and other dryland landscapes and have separated
the relative contributions of climatic drivers versus human activities [17,18]. These studies
highlight that spatial heterogeneity and lagged responses are common in vegetation—climate
interactions, especially in areas where human-managed water availability interacts with
natural climate variability to control vegetation growth patterns [19].

According to the United Nations Development Business (UNDB), the region of Thi-
Qar requires urgent attention for land rehabilitation [20]. Despite reported environmental
deterioration in Thi-Qar [21], there has not yet been research to examine the spatiotemporal
trend in vegetation and its relationship with climatic factors. Previous studies have often
focused on isolated aspects of environmental degradation and have not leveraged remote
sensing techniques and statistical models. Moreover, while some research has examined
the impact of the NDVI on river flow in other regions, e.g., [22,23], no studies in Iraq have
examined the impact of changing streamflow on vegetation nor established the relationship
between precipitation and vegetation change across relevant land cover types. While many
studies have focused on the northern parts of Iraq, the central and southern regions of the
country require in-depth investigation to manage water resources and develop mitigation
methods [24]. Iraq’s water supplies are being impacted by climate change in several ways,
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including decreasing river discharge, decreased rainfall and groundwater recharge, and
loss of vegetation cover [24].

Based on the identified research gaps and the increasing environmental pressure
in southern Iraq, this study focuses on Thi-Qar Governorate, a highly vulnerable arid
region where vegetation dynamics are strongly dependent on river flow and managed
irrigation. Declining streamflow, rising temperatures, and increasing water scarcity pose
significant challenges to vegetation sustainability, yet the relative influence of hydrological
and climatic drivers remains poorly quantified across different land cover types.

Accordingly, this study is guided by the following hypotheses:

(1) Vegetation dynamics in Thi-Qar are governed by the interaction between hydrological
changes (streamflow) and climatic factors (precipitation, temperature).

(2) Areas with consistent water availability—whether from river flow or managed
irrigation—will exhibit stable or improving vegetation trends, whereas water-scarce
areas will show degradation, especially under rising temperatures.

The research questions this study aims to address are:

What are the spatiotemporal trends in vegetation represented by the NDVI across
Thi-Qar Governorate over the past two decades?

What is the impact of streamflow and precipitation change on the different vegetation
and non-vegetation classes?

We perform a spatiotemporal analysis of NDVI trends in the southern Iraqi region of
Thi-Qar from 2001 to 2022 using MODIS data processed within the Google Earth Engine
platform. The objectives are as follows: (1) to map pixel-based NDVI trends using the Mann—
Kendall test and linear regression to identify areas of significant vegetation increase or
decline; (2) to quantify rates of vegetation change across the region and link them to periods
of climatic or anthropogenic influence; (3) to evaluate the relative impact of streamflow,
precipitation, and land surface temperature on the NDVI through single and multiple
regression models; (4) to compare NDVI-precipitation relationships between irrigated
croplands and non-irrigated land classes to assess the role of water management; (5) to
integrate WaPOR net primary production (NPP) data to validate vegetation productivity
trends and support the NDVI-based findings.

2. Materials and Methods

2.1. Materials
2.1.1. Study Area

Thi-Qar Governorate, located in southern Iraq (Figure 1), covers about 13,841.65 km?.
It borders Wasit to the north, Basra to the south and southeast, Maysan to the east,
Muthanna to the west, and Qadissiya to the northwest. Thi-Qar has an arid climate
with hot summers and mild winters [21,25]. Temperatures can reach 51 °C (123 °F) in July
and August and drop to zero in January. Rainfall, mostly occurring between December and
April, averages 100-180 mm annually [26]. The main freshwater sources are the Euphrates
River and the Al-Gharraf Stream (a Tigris River branch), which supply water to cities
and marshes.
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Figure 1. The study area location map.

2.1.2. Data Sources
Moderate-Resolution Imaging Spectroradiometer (MODIS) Satellite Data

Google Earth Engine (GEE) was utilized to process and analyze Moderate-Resolution
Imaging Spectroradiometer (MODIS) Terra satellite vegetation index products (MODIS/061/
MOD13Q1) from NASA [27], with a spatial resolution of 250 m. The NDVI equation is
as follows:

NIR — Red
NDVlI = ——— 1
NIR + Red M

MODIS imagery was chosen for its high temporal resolution, consistent image avail-
ability, minimal cloud interference, and strong correlation with vegetation changes [28].
The MOD13Q1 product provides 16-day maximum value composites of atmospherically
corrected surface reflectance, filtered for clouds, aerosols, and low-quality pixels [27]. The
MODIS data were processed, filtered, and clipped using GEE to focus on the study area.

Satellite-Based Rainfall Data

A quasi-global rainfall dataset spanning more than 30 years is available from Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS). For trend analysis and
seasonal drought monitoring, CHIRPS creates gridded rainfall time series using in situ
station data and satellite imagery with a resolution of 0.05° [29]. CHIRPS data have been
widely applied in hydroclimatic studies, including recent work by [30]. Using GEE, we
computed the daily precipitation. Then, we calculated the average monthly amount for the
years 2001 through 2022.
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WAPOR Dekadal Net Primary Production 2.0

Net primary production (NPP) represents the process by which photosynthesis con-
verts carbon dioxide into biomass. In the WaPOR database, each pixel value represents
daily NPP expressed as g/m?/day [31]. WaPOR (Water Productivity through Open access
Remotely sensed derived data), developed by the Food and Agriculture Organization
(FAO), provides data at three spatial resolutions (30 m, 100 m, and 250 m) covering different
regions for the period 1 January 2009 to 3 January 2023 [31]. It has been widely used in
related research, e.g., [32-34]. In our study, we use NPP at a 100 m spatial resolution level
from 1 January 2009 to 31 December 2022.

Evapotranspiration

Evapotranspiration (ET) is an important process in the hydrological cycle, repre-
senting the sum of water evaporation from land surfaces and plant transpiration, and it
measures kg/m"2/8 day [35]. MOD16A2 provides 8-day composite ET values at 500 m
resolution, where each pixel represents the total ET accumulated over 8 days. The MODIS
(Moderate-Resolution Imaging Spectroradiometer) provides a satellite-based method for
estimating ET through a dataset known as MOD16. This dataset utilizes the Penman-—
Monteith equation adapted for remote sensing applications [36]. The MOD16 ET algorithm
calculates daily ET by considering factors such as net radiation, air temperature, the va-
por pressure deficit, surface resistance, and aerodynamic resistance, thereby integrating
various climatic and biophysical inputs. The algorithm splits ET into daytime and night-
time components, accounting for different conditions during these periods. The MOD16
product offers global coverage at a spatial resolution of 500 m, with data from 2001 to the
present [37]. In this work, we extracted evapotranspiration for the study region from 2001
to 2022 using the MOD16A2 ET product, which offers 8-day composite ET data using the
GEE platform.

Streamflow Data

Streamflow data were obtained from the Iraqi Ministry of Water Resources for the pe-
riod 20062022 (unpublished data). Measurements were collected from six gauging stations
(regulators) located along the Al-Garaf River, a branch of the Tigris River. Each station
was equipped with instruments for monitoring river discharge, providing daily records

3 s71. The Ministry routinely operates and maintains these stations for

expressed in m
water resource management, ensuring measurement and quality control before providing

the data.

Land Surface Temperature (LST)

Land surface temperature (LST) and emissivity readings are provided daily in a
1200 km x 1200 km grid by the MOD11A1 V6.1 product [38], from which we used the
daytime land surface temperature. Satellite data is used here to capture the continuous
spatial distribution features of the land surface; ground-based LST is limited due to the
small number of ground stations and their discrete spatial distribution [39]. We computed
the average monthly LST from daily MOD11A1 V6.1 using GEE for 22 years.

2.2. Methods
2.2.1. Mann-Kendall

The Mann—-Kendall test [40,41] has been widely used to measure the trend in time
series extracted from remote sensing [42-45]. It is a non-parametric measurement method
to detect spatial and temporal trends and is robust to data distribution characteristics.
Following the Earth Engine procedures, this approach detects monotonic trends in non-
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seasonal or aggregated datasets such as the annual mean NDVI. Because the NDVI
values used here represent annual means (2001-2022), serial dependence and season-
ality are not significant, making the standard Mann-Kendall test suitable without addi-
tional pre-whitening. Here, we use it to examine the trend across the study area on a
per-pixel basis.

Three classifications were identified from the slopes: increasing, no change, and
decreasing. The following equations define the Mann—Kendall test [46,47]:

S = Lii1 Ljksr58n (¥ — ) )
where
1 i f Xj— X > 0
Sgn(xj—xk) =40 lf xj—xk =0 (3)
—1lifxj—x <0
The symbol S gives the value of the MK test, while x; and x; are the sequential values;

n is the length of the data series. The variance in S and the standardized Z-test statistic are
given by the following equation:

n(n—1)(2n+5) — " ti(t; — 1) (2t +5)

VAR(s) = 18 (4)
S—1
\/VAR(S) 5>0
Z=X0 S=0 (5)
L S < 0
VAR(S)

where 7 is the number of data points, m is the number of tied groups, and the Z statistic fits
the standard normal distribution. A positive value for Z means there is a change with an
upward trend, while a negative value means there is a decreasing or declining trend [48].

2.2.2. NDVI Linear Fit

Linear regression is a statistical technique that models the relationship between de-
pendent and independent variables with a linear approach and is widely used in NDVI
interpretation, e.g., [49-51]. Linear regression was used to compute the slope of the NDVI
change and map its spatial distribution, providing quantification of the rate and direction
of the NDVI change for each pixel in the study area.

To determine the long-term trends in vegetation, a linear fit was calculated for the
NDVI time series at each pixel using the ee.Reducer.linearFit() function within GEE. This
function computes the slope and intercept of the best-fit line for the NDVI values over
22 years. The slope, representing the rate of change in the NDVI, indicates whether vegeta-
tion is increasing or decreasing.

The equation used for the linear fit computation is as follows:

NDV Ljjpear fit = (Slope x time) + Intercept (6)

We classified the slope values relative to the standard deviation (o) of the slope
distribution. Five categories were defined: strongly decreasing (<—1.50), moderately
decreasing (—1.50 to —0.750), stable (—0.250 to +0.250), moderately increasing (+0.250
to +0.750), and strongly increasing (>+1.50). The value of 1 sigma corresponds to an
NDVI change of 0.0035/year). The o-based classification was not used to establish any
statistical relationship between the NDVI slope and its variability. Instead, it was applied
to define and show how NDVI values change across the study area relative to the overall
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scene variability. The mean and standard deviation of the NDVI slope were calculated
from the regression results and used as thresholds to group the slope values into relative
categories (e.g., strongly decreasing to strongly increasing). This method provides a clear,
comparable representation of NDVI change intensity, consistent with previous NDVI trend

analyses

2.2.3. Land Cover Classification and Grouping into Vegetated and Non-Vegetated Classes

We classified the study area using Sentinel-2 imagery (COPERNICUS/S2_SR_HARMONIZED)
and GEE, as shown in Figure 2, into eleven classes. We used supervised classification and
the SmileCART algorithm. These classes are as follows: aquatic vegetation, arable land,
bare areas, irrigated cropland, marshland, sandy areas and dunes, salted land, urban and
industrial areas, water bodies, water courses, and wetland. From the eleven classes, we
created four categories: one vegetated class (irrigated cropland) and three non-vegetated

[52,53].

classes (arable land, bare areas, and sand areas and dunes) (Figure 3).

LULC Legend
B Aquatic Vegetation
M Arable Land
Bare Areas
Irrigated Cropland
B Marshland
I Sandy Areas and Dunes
Salted Land
B urban and Industrial Areas
B Water Bodies
B Water Courses
B Wetlands

Figure 2. Land use land cover classification (LULC) for Thi-Qar Governorate from Sentinel-2

satellite data.
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Figure 3. Spatial distribution of sample locations within land cover classes that were taken from the
LULC map of the study area; red points indicate sample locations within each class. (a) Bare areas
are represented in peach. (b) Arable land is represented in light green. (c) Sand areas and dunes are
represented in orange. (d) Irrigated cropland is represented in yellow.

Within each of the four classes, we randomly selected representative samples
(250 m x 250 m). Thirty samples were taken for cropland, bare areas, and sand areas
and dunes and 55 samples for arable land. For each sample, the NDVI was computed for
the 22 years using MODIS in GEE. This approach assumes that the land cover class for
each pixel was consistent over the 22-year study period when extracting the NDVI time se-
ries. While this provides a clear framework for analyzing climate-vegetation relationships
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within defined land types, it does not account for pixels that may have changed category
(e.g., from cropland to bare area) during the analysis period.

2.2.4. Single and Multiple Regression Models

We applied both simple linear regression and multiple linear regression to evaluate
the influence of climatic and hydrological variables on the NDVI.

Simple linear regression (6) was used to examine the individual relationship be-
tween the NDVI and each predictor variable (precipitation, land surface temperature, and
streamflow). In addition, we applied the Spearman rank correlation coefficient (p) [54]
to evaluate the strength and direction of monotonic relationships between the NDVI and
the climatic/hydrological variables. The Spearman method is a non-parametric statistical
measure that does not assume linearity or normal distribution of data and is less sensitive to
outliers, making it suitable for detecting both linear and nonlinear monotonic associations.

A multiple regression model was used to evaluate the combined effect of multiple
factors. The model is expressed as follows:

NDV ljjneqr it = a1 Precipitation + az. LST + az. Streamflow + Intercept (7)

where

a1, ap, and as are the regression coefficients showing the contribution of each factor.

In addition to multiple regression, partial correlation analysis [55,56] was employed to
quantify the unique relationship between the NDVI and each predictor variable while
controlling for the others. The first-order partial correlation coefficient Pxy 7 between
variables X and Y, while controlling for a third variable Z, is calculated as follows [57,58]:

Pyy 7 Pxy — PxzPyz ®)
V(1= P2xz).(1— P2yy)

" Pxy = Correlation between variable X and Y
" Pxz = Correlation of the third variable Z with the variable X
" Pyy = Correlation of the third variable Z with the variable Y

2.2.5. Data Harmonization

All raster datasets were harmonized to a consistent 250 m spatial resolution be-
fore statistical analysis to ensure pixel-to-pixel comparability. This was accomplished
within Google Earth Engine by specifying a target scale of 250 m and applying the
ee.Reducer.mean() reducer during all overlay and extraction operations. For coarser-
resolution datasets (e.g., CHIRPS precipitation at ~5.5 km, MODIS LST at 1000 m), this
process effectively downscaled values to the 250 m grid using spatial interpolation. For
finer-resolution data (e.g., WaPOR NPP at 100 m), values were aggregated to the 250 m grid
by averaging. This approach ensures that every pixel in the final analysis stack represents
the same ground area (250 m x 250 m), eliminating scale mismatch as a source of bias in
correlation and regression models.

3. Results

We applied the Mann—Kendall trend test to the NDVI data for Thi-Qar Province to
evaluate spatial-temporal changes in vegetation cover for the period from 2001 to 2022.
The results are visualized in Figure 4, which shows areas of increasing and decreasing
NDVI trends. The value of the trend is between —1 and 1, which represents the strength
of the NDVI direction over 22 years. The analysis showed spatial patterns in vegetation
change: areas shown in green on the map indicate regions with a positive trend in the NDVI,
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suggesting the majority of years showed an increase in vegetation cover over the study
period. These areas are in the central, northern, and southern parts of the Thi-Qar region.
Regions in red represent areas with a negative NDVI trend, which is a decline in vegetation
cover for the majority of years. These trends are in the southern and southeastern parts of
the region. Areas with no trend are off-white, indicating stable vegetation cover.

45.50 45.75 46.00 46.25 46.50 46.75 47.00 47.25
32.00 4 T i 32.00
31.75 31.75
31.50 31.50
31.25 31.25
31.00 31.00

ol 53 NDVI_Trend Mann_
30.75 Fom, Kendall_byPixel 30.75
1

0 10 20 30 40 50 60km

| I I ] . b Y )

45.50 45.75 46.00 46.25 46.50 46.75 47.00 47.25

Figure 4. Spatiotemporal NDVI trend for Thi-Qar over 22 years using the Mann-Kendall test. Green
regions indicate an increasing NDVI trend, off-white regions indicate no trend, and red regions
indicate a decreasing NDVI trend.

Quantification of the rate of change in the NDVI at each pixel was determined by
applying linear regression, as shown in Figure 5. The resulting slopes show vegetation
trends throughout the study area. The color ranges from red, showing a strongly decreasing
NDVIJ, to dark green, corresponding to a strongly increasing NDVI. The classification of
trends showed that 27.16% of the area was strongly decreasing, 29.32% was moderately
decreasing, 31.46% was stable, 7.57% was moderately increasing, and 4.49% was strongly
increasing. This means that a large area of Thi-Qar presented declining or stable vegetation
productivity, with only ~12% showing a positive trend.
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45.75 46.00 46.25 46.50 46.75 47.00
32.25 32.25
32.00 32.00
3175 3175
31.50 31.50
31.25 31.25
31.00 31.00
30.75 30.75
0 60 120 km
30 —————— ] 30.50
NDVI Trend classes 2000-2022
30.25 [l Strongly decreasing (< —1.50) 3025
[ Moderately decreasing (—1.50 to —0.750)
[ Stable (-0.250 to +0.250)
[ Moderately increasing (+0.250 to +0.750)
[l Strongly increasing (= +1.50)
30.00 30.00
4575 46.00 46.25 46.50 46.75 47.00

Figure 5. Spatial distribution of NDVI linear trends in Thi-Qar Province from 2001 to 2022, derived
from MODIS MOD13Q1 (16-day composites). Linear regression slopes of the NDVI time series
were classified relative to the standard deviation (o) of slope values. Five trend categories are
shown: red to orange are decreasing vegetation productivity, yellow is stable, light to dark green is
increasing trends.

The time series analysis of the annual NDVI for Thi-Qar Governorate over 22 years
is shown in Figure 6. There was a fluctuation in vegetation cover during this period.
The graph indicates a generally increasing trend in the NDVI, with a calculated linear
regression slope of about 0.0019. The R value of 0.47 reflects the relationship between
time and the NDVI (p < 0.05), where y represents the NDVI and x represents time in years.
Despite variations in some years, there is a slight upward trend in the NDVI, as shown in
Figure 6.
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Figure 6. Time series of the annual averaged NDVI in Thi-Qar. The line represents the linear fit of the
NDVI over the time series from 2001 to 2022.

To understand the reasons for regions of degradation and vegetation increase and their
impacts, we examined the relationship between the NDVI and climatic and hydrological
factors, with correlations shown in Figures 7-10. Both Pearson’s linear correlation and
Spearman’s rank correlation were used to assess the strength and significance of these
relationships. The NDVI showed a positive correlation with precipitation (R = 0.40; p = 0.43,
p < 0.001) (Figure 7a—c). In contrast, it showed a negative correlation with land surface
temperature (R = —0.50, p = —0.46, p = 0.027) (Figure 8a,b). As expected, the NDVI
was strongly positively correlated with evapotranspiration (R = 0.74, p = 0.72, p < 0.001)
(Figure 8c,d) and with net primary production (R = 0.95, p = 0.93, p < 0.0001) (Figure 8e,f).
Finally, the NDVI also correlated positively with the monthly (R = 0.51, p = 0.51, p < 0.001)
(Figure 9a,b) and annual (R = 0.8, p = 0.78, p < 0.001) (Figure 10) streamflow.

Secondly, to understand the independent influence of each environmental factor on
the NDVI, we calculated partial correlation coefficients, which measure the correlation
between two variables while statistically controlling for the effects of others. This approach
helps reduce confounding and provides a clearer picture of each driver’s contribution.
The results (Table 1) show that streamflow has the strongest association with the NDVI
(p =0.53), followed by LST (p = —0.47) and precipitation (p = 0.46). All partial correlations
were statistically significant (p < 0.001).

Table 1. Comparison of simple and partial correlation coefficients.

Relationship Controlling For Partial Correlation (p)
Streamflow vs. NDVI Precipitation & LST 0.53

Precipitation vs. NDVI Streamflow & LST 0.46

LST vs. NDVI Streamflow & Precipitation —0.47
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Figure 7. (a,b) Monthly and annual trends for the NDVI and precipitation (2001-2022). (c) Relation-
ship between the NDVI and precipitation.
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in the NDVI and LST, ET, and NPP.
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Figure 9. (a) The correlation between streamflow and the NDVI. (b) The monthly variation in the
NDVI and streamflow over the years.
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Figure 10. The annual relationship between the discharge of streamflow and the NDVL

The monthly and annual relationship between river flow and both vegetation (irrigated
croplands) and non-vegetation land types (arable land, barren areas, and sand dunes)
were found for 2006 to 2022, as shown in Table 2. The relationships between streamflow,
precipitation, and the NDVI for the four land cover classes are presented in Tables 2—4. For
each linear regression (NDVI = a x Predictor + b), ‘a’ represents the slope (rate of change
in the NDVI per unit change in the predictor), ‘b’ is the intercept, and ‘R’ is the Pearson
correlation coefficient.

Table 2. The monthly and annual relationship between the discharge of streamflow and the NDVI for
the vegetation and non-vegetation classes: (A) irrigated cropland, (B) bare areas, (C) arable lands,
and (D) sand area and dunes.

Monthly correlation between streamflow and NDVI for vegetation and non-vegetation classes (2006-2022)

Class Land Cover Type a b R

A Cropland class 0.0009 0.1597 0.21
B Bare area class 0.0003 0.0782 0.26
C Arable land 0.0007 0.0777 0.41
D Sand & dunes areas 0.0002 0.064 0.26

Annual correlation between streamflow and NDVI for vegetation and non-vegetation classes (2006-2022)

Class Land Cover Type a b R

A Cropland class 0.0008 0.1703 0.55
B Bare area class 0.0002 0.0814 0.37
C Arable land 0.0005 0.107 0.46
D Sand & dunes areas 0.0002 0.0608 0.49

Table 3 shows the relationship between 1-month-lagged monthly precipitation and
the NDVI for the vegetation and non-vegetation classes. According to earlier studies, we
may expect a lag in the monthly NDVI response to rainfall [59]. We found that there is a
stronger link between the monthly NDVI and the monthly precipitation from the previous
month than there is with the monthly precipitation from the same month. While Table 3
demonstrates a moderate-to-strong monthly relationship (with a 1-month lag), Table 4

https://doi.org/10.3390/1s18040640


https://doi.org/10.3390/rs18040640

Remote Sens. 2026, 18, 640 18 of 27

shows a weaker annual correlation between precipitation and the NDVI across all classes.
Notably, the correlation coefficient (R) decreases substantially for the cropland and arable
land vegetation classes.

Table 3. The monthly relationship between precipitation and the NDVI for the vegetation and
non-vegetation classes (with a 1-month lag).

Monthly correlation between precipitation and NDVI for vegetation and non-vegetation classes (2001-2022)

Class Land Cover Type a b R

A Cropland class 0.1419 0.1999 0.62
B Bare area class 0.0324 0.0931 0.56
C Arable land 0.0583 0.1326 0.55
D Sand & dunes areas 0.0157 0.0745 0.47

Table 4. The annual correlation between precipitation and the NDVI for the vegetation and non-
vegetation classes: (A) irrigated cropland, (B) bare areas, (C) arable lands, and (D) sand area
and dunes.

Annual correlation between precipitation and NDVI for vegetation and non-vegetation classes (2001-2022)

Class Land Cover Type a b R

A Cropland class 0.109 0.2104 0.30
B Bare area class 0.0726 0.0808 0.37
C Arable land —0.0142 0.1566 —0.05
D Sand & dunes areas 0.0547 0.0626 0.47

Finally, a multiple regression model was first applied between the NDVI and the
factors (LST, streamflow, and precipitation) for the whole study area. It was then conducted
separately for the vegetation and non-vegetation classes to estimate the impact of the
factors on land cover types (Tables 4 and 5).

Table 5. Multiple regression model between streamflow, precipitation, LST, and the NDVI.

Multiple regression model
Statistics Value

Multiple R 0.671493

R Square 0.450902

Adjusted 0.442232

R Square

Standard 0.019255

Error

Observations 194

ANOVA

Source df SS MS F Significance F

Regression 3 0.057845 0.019282 52.00742  1.38 x 10724

Residual 190 0.070442 0.000371

Total 193 0.128288

Variable Coefficients Standard Error t Stat p-value Lower 95% Upper 95%
Intercept 0.130711 0.009848 13.27317 7.07 x 1072 0.111286 0.150136
Discharge 0.000477 5.58 x 107° 8.549923  4.02 x 10715 0.000367 0.000587
Precipitation 0.013358 0.00511 2.61401 0.009666 0.003278 0.023438
LST —0.00058 0.000181 —3.18234 0.001707 —0.00094 —0.00022
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4. Discussion

Analysis of NDVI trends in Thi-Qar Governorate from 2001 to 2022, using the Mann—
Kendall trend test and linear regression, provides important insights into changes in
vegetation and potential land degradation processes.

4.1. Spatial Analysis of Vegetation Changes

The spatial patterns in vegetation change shown by the Mann-Kendall test confirm
the critical role of water availability, with degradation concentrated in areas distant from
perennial water sources, which are more apparent in the northwest and central regions. In
the southeast, the pattern is more complex, with positive trends near the rivers and wetland
but also in areas of degradation. This finding agrees with [60], who reported that vegetation
cover remained relatively dense in river-fed and marsh areas. These insights suggest a
need for large efforts in land restoration in areas with negative trends. While some areas
do not show positive or negative trends, continued monitoring is necessary to ensure they
do not move into declining trends. These findings highlight that streamflow plays a more
important role than rainfall in determining vegetation dynamics in Thi-Qar. Marshes and
croplands depend on river water, which can buffer against degradation, while rainfall is
highly variable and often insufficient. Effective water management, including regulated
discharge and irrigation practices, is therefore essential to maintain vegetation productivity.

Linear regression analysis of the NDVI data for vegetation cover in Figure 5 showed a
clear variation in the study area. Here, degradation is apparent in the southern and western
regions of the governorate, which are the marshes and dune areas, respectively. The result
contrasts with the Mann-Kendall trend, which suggests that, despite the majority of years
showing greening for much of the area, the net change over the period is a decline in
productivity for the majority of the region. This can be explained by the impact of less
frequent drought events outweighing gradual greening from climate trends. This decline is
consistent with [61], who reported reduced vegetation in the same regions, attributed to
recurrent drought events and declining precipitation. Previous research [59] also confirmed
a long-term reduction in vegetation cover (~80% decline between 1990 and 2022) due to
decreased Euphrates discharge, rising evaporation, and land degradation. In contrast, the
northern parts of the marsh region showed a strong increase in the normalized difference
vegetation index due to the constant presence of water in this area—an increase in reed and
papyrus plants is clear from the LULC classification. Globally, linear regression in Google
Earth Engine has been applied to map NDVI trends [62,63], and recent studies in Iraq have
also utilized GEE for vegetation trend analysis [64,65]. However, to the best of our knowl-
edge, no previous studies in Thi-Qar Governorate or in southern Iraq’s riparian systems
more broadly have applied this approach within an integrated multi-source framework
that combines pixel-wise trend analysis with multi-factor regression using harmonized
local streamflow data, WaPOR NPP, and climate variables to clearly partition the impact of
hydrological management from climatic drivers across land cover classes.

4.2. Temporal Analysis of Vegetation Changes

The temporal variability in vegetation activity in Thi-Qar reflects the combined influ-
ence of hydrological management, climate variability, and delayed ecosystem responses.
Periods of increased vegetation greenness correspond to phases of enhanced inundation
and improved water availability, while extended declines align with regional drought
events and reduced upstream discharge. The results showed peaks in 2006, 2014, and 2019,
followed by a sharp decline in 2022. This study agrees with [66], who reported that the
Iraqi Center for Marsh Restoration developed a plan for restoration from 2009 to 2020 based
on available data. They reported that the highest restoration rate occurred in 2014 but
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lasted only for that year, then declined before increasing again in 2018, and that vegetation
cover peaked in 2018, likely due to stable inundation rates from 2014 to 2018 compared
to earlier periods. However, our results show that the NDVI increase peaked strongly in
2019, as shown in Figure 6. The one-year variance between the reported peak in vegetation
restoration (2018) and the observed NDVI maximum (2019) may be explained by both
spatial/ecological differences and lag effects in vegetation response. Additionally, increas-
ing precipitation at the end of 2018, as shown in Figure 7a, further enhanced vegetation
expansion in 2019. We also see a decline in the NDVI from 2007, which continued at a
sustained low level for the period 2009-2012. A study reported a 2008-2009 drought in
upstream countries like Turkey and Syria, along with reduced runoff from Iran, which
may contribute to this change [67,68]. It is also important to consider human interventions
in water management. Upstream water control, irrigation practices, and area restoration
efforts can increase or decrease the effects of natural hydrological fluctuations. For instance,
even years with higher rainfall may not show increases in the NDVI if water is diverted to
agricultural use or lost due to inefficient irrigation.

Despite these fluctuations, the overall mean NDVI shows a slight increasing trend,
which contrasts with the spatial linear regression results, where only 12% of the total
area showed an increasing trend. This difference arises from the contribution of small
regions of very strong positive change in the wetland area, which masks larger areas of
moderate decline.

4.3. Impact of Individual Climate Drivers

The moderate correlation between the NDVI and precipitation (R = 0.40) suggests that
rainfall alone is an insufficient driver of vegetation growth in Thi-Qar, a finding consistent
with irrigated arid systems where human water management overrides climatic signals.
This contrasts with many rain-fed dryland systems, where vegetation greenness is strongly
coupled with precipitation variability [69-71]. In irrigated and river-fed landscapes such
as southern Iraq, human-managed water resources override climatic signals, reducing
the direct influence of rainfall on vegetation productivity. The relationship between land
surface temperature (LST) and the NDVI was examined over 22 years. LST has a control
on vegetation dynamics through its influence on evapotranspiration and soil moisture
loss. The annual average temperature decreased from 41 °C in 2001 to 36 °C in 2006,
corresponding with an increase in NDVI values of 0.13 in 2001 to 0.18 in 2006. Subsequently,
the temperatures were almost stable at approximately 35 degrees Celsius, as shown in
Figure 8b. Although [72] reported that temperatures are constantly increasing in Iraq,
especially in its southern regions, our results indicate a different pattern in this study area.

Higher temperatures increase evapotranspiration rates, reducing soil moisture and
negatively impacting vegetation productivity, particularly in arid regions [73]. However,
the fluctuation in the NDVI was also caused by the additional factors of surface water,
human interventions, and variation in rainfall. As [74] reported, human activities like
land-use change, water mismanagement, and agricultural practices can interact with
climatic stressors, accelerating ecosystem degradation and influencing vegetation dynamics.
Negative correlation may, in part, also be explained by the fact that higher vegetation
cover will result in surface cooling due to increased evapotranspiration, e.g., [75]. The
partial correlation analysis confirmed the regression results, confirming that streamflow
showed the strongest unique relationship with the NDVI (p = 0.53) when controlling for
precipitation and temperature effects. This indicates that water resources are the most
important factor in explaining vegetation dynamics in this arid region. The stronger
correlation of the NDVI with streamflow compared to precipitation indicates that water
availability from rivers is a determinant of vegetation dynamics in arid regions. Maintaining
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streamflow ensures the stability of lands and supports crop growth, which has important
ecological and socio-economic implications, including the preservation of biodiversity and
agricultural productivity.

4.4. Implications of Multiple Regression Analysis

The multiple regression models confirm that streamflow is the dominant controllable
factor influencing the NDVI, explaining why croplands near river channels showed re-
silience despite climatic variability. The model in Table 5 shows a moderate correlation
coefficient (R = 0.67), with streamflow, precipitation, and LST influencing the dependent
variable. Interestingly, streamflow has the strongest positive effect, followed by precipita-
tion. LST shows a negative impact. LST represents a key climatic driver of water and heat
stress in arid regions; however, a higher NDVI will also lead to surface cooling through
transpiration. So, the negative coefficient for LST likely represents a combination of the
stress imposed by high temperatures and the cooling effect of vegetation.

When we apply this regression to only areas classified as cropland, the correlation
coefficient increases to R = 0.78, as shown in Table 6. Both streamflow and precipitation
are crucial for maintaining cropland, as evidenced by their positive effects on the NDVL
This underscores the importance of sufficient water supply, whether through irrigation or
rainfall, for crop productivity. The p-value shows that the LST has a greater impact than
the discharge of streamflow and precipitation. These results are consistent with the study
by [76], which confirmed the importance and positive impact of rainfall and river water on
vegetation in addition to the negative impact of temperature on the NDVL

Table 6. Multiple regression model between streamflow, precipitation, LST, and the NDVI separated
into land cover types.

Streamflow Precipitation

,]Eang Cover R Adjusted R Significance F  Coefficient Coefficient :“S_z,a(]i:):)fﬁ clent
P (p-Value) (p-Value) P

_37 0.042
Cropland 0.78 0.77 1.11 x 10 0.0005 (0.006) (0.019) —0.0057 (<0.001)
Bare Areas 0.26 0.23 0.004 0.0002 (0.004) ?(50(;119) 0.000409 (0.028)
Arable Lands  0.75 0.72 1.63 x 10730 0.0006 (<0.001) ?606209) —0.0018 (<0.001)

0.0001 0.01

12 —

Sand Dunes 0.51 0.50 1.39 x 10 (0.002) (<0.001) 0.00013 (0.288)

For non-vegetation categories, correlations were weak for bare areas (Table 6) and
dune areas, primarily due to limited vegetation. A lack of vegetation cover, combined
with continuous exposure to high temperatures, leads to the loss of soil organic carbon.
Even with increased rainfall or streamflow during specific periods, the potential for plant
growth remains limited. Prolonged exposure of bare land and increased tillage have been
shown to affect soil organic carbon [77], which impacts soil fertility and reduces vegetation
growth. In contrast, the model for arable areas shows a strong correlation coefficient
(R =0.75), with positive effects from streamflow and precipitation and a negative impact
from LST. Streamflow is the most influential factor here. Arable lands depend highly on
water availability, with streamflow and precipitation playing crucial roles in supporting
crop growth.
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4.5. Limitations and the Role of Land-Use Change

This study focuses on the relationship between streamflow variability and the NDVI
responses of dominant land cover types rather than on quantifying LULC transitions.
Although land-use change driven by human activities can influence vegetation dynamics
and hydrological processes, multi-temporal land-use change analysis was beyond the
scope of this work. Future studies should integrate land-use change detection to better
isolate the effects of anthropogenic activities on vegetation-hydrology interactions. Also,
streamflow data were limited to 20062022 because of data availability. The MODIS NDVI
product, while temporally consistent, has a 250 m resolution that may overlook fine-scale
vegetation changes.

4.6. Importance of Streamflow to Vegetation Change

Iraq depends on the Euphrates and Tigris Rivers for most of its water demands [78].
More than 90% of all water withdrawals from Iraq are used for agriculture [79]. Rice, corn,
dates, cotton, vegetables, fruits, and legumes are among the irrigated summer crops. Winter
crops that are irrigated include barley and wheat. Most irrigation uses extremely inefficient
techniques for food irrigation, resulting in water loss from unnecessary evaporation [80].
So, studying how surface water affects vegetation is important.

The analysis is illustrated in Figure 9a, which presents the relationship between stream
discharge measured in cubic meters per second and the NDVI. The correlation coefficient R
was 0.51 and the Spearman correlation was p = 0.51 (p < 0.001), suggesting that increased
streamflow water availability strongly enhances vegetation productivity. Figure 9b shows
the monthly trends in the NDVI and streamflow from 2006 to 2022. Throughout this period,
fluctuations in streamflow appear to align with variations in the NDVI, further supporting
the positive relationship observed in the scatter plot. Notably, the increases in runoff
observed in 2016, 2019, and 2021 correspond to rises in vegetation productivity. Conversely,
increases in stream discharge during other months of other years led to decreases in the
NDVI, which may, in part, be explained by the fact that these months correspond to crop
harvest season and that sometimes too much flow destroyed crops, especially next to rivers.

The correlation coefficient dramatically rose to 0.80 and the Spearman correlation to
p = 0.78 (p < 0.001) when the yearly relationship was investigated (Figure 10). This rise
implies a more robust streamflow—NDVI relationship for agriculture annually. Seasonal
farming operations can account for the difference in correlations between the monthly and
annual data. Increases in streamflow, for example, cannot immediately impact vegetation
productivity during harvest seasons, resulting in reduced monthly relationships. Another
factor for this variation is the increase in streamflow during times that farmers who did not
prepare their land within the agricultural plan did not expect.

This finding is consistent with prior work [81] connecting hydrology and vegetation
that examined the effect of NDVI trends and hydrological changes on vegetation dynamics
in the Ejina Oasis in the lower reach of the Heihe River. It found that climate change
influenced vegetation growth in the upper basin, while excessive water use caused degra-
dation in the lower basin. The study effectively linked streamflow reduction and increased
evapotranspiration to vegetation decline, highlighting the role of water resource alloca-
tion. These results confirm the importance of managing streamflow to optimize vegetation
productivity. Proper scheduling of irrigation and controlled release from upstream reser-
voirs could enhance vegetation growth while minimizing crop losses during harvest or
flood periods.
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4.7. Implications for Management and Ecology of the Region

This study offers important insights into managing vegetation and water resources
in Thi-Qar Province and similar arid regions. The importance of streamflow has been
highlighted, and this variable can be controlled to an extent by water management. The
impact on the NDVI has been highlighted, and this also leads to ecologically significant
changes in productivity (NPP) and evapotranspiration (ET). From previous studies [82,83],
we expect a strong correlation between the NDVI and both ET and NPP. Figure 8c shows
the positive correlation between evapotranspiration (ET) and the normalized difference
vegetation index (NDVI) observed in our study, with a correlation coefficient of 0.74. This
relationship is clearly illustrated in Figure 8d, which shows parallel annual variations in
the NDVI and ET. Specific years such as 2006, 2013, 2014, and 2019, with high ET values,
correspond to strong vegetation growth and active transpiration. Conversely, the years
with lower ET values (2008-2012, 2015-2018, and 2022), between 11 and 13 kg/ m2/ year,
were associated with a reduced NDVI, reflecting lower vegetation productivity.

Lastly, we investigated the relationship between the NDVI and NPP, which measures
the rate at which vegetation produces biomass through photosynthesis minus losses for
respiration. The correlation showed a Pearson coefficient of 0.95 (Figure 8e,f), indicating that
the NDVTI is likely to be a robust indicator of plant productivity and biomass production for
this region, with the caveat that the NPP estimation also uses satellite vegetation estimates
in the model formulation.

5. Conclusions

In conclusion, our study provides the first integrated, data-driven assessment of vege-
tation dynamics in Thi-Qar Governorate in southern Iraq, clearly quantifying the relative
roles of hydrological and climatic drivers across different land cover types. The analysis
reveals that land degradation is widespread but spatially heterogeneous, with over half
(56.5%) of the region experiencing declining vegetation productivity between 2001 and
2022, concentrated in the southern and western parts. However, the northern parts of the
marshes and the center of the study area presented a small positive trend in vegetation
productivity due to consistent water availability. A key mechanistic finding is that stream-
flow exerts a stronger influence on vegetation cover than precipitation or temperature
in this arid and semi-arid riparian system. Multiple regression and partial correlation
analyses consistently identified streamflow as the most significant positive driver of the
NDV], particularly in agriculturally productive zones such as croplands and arable lands,
where it explained the majority of vegetation variability. This underscores that human-
managed water resources—not rainfall—are the primary controllable factor governing
vegetation resilience in Thi-Qar. However, the impact of these three factors on the NDVI
was weak for bare areas and sand dunes. The strong observed link between streamflow and
the NDVI, coupled with weak correlations in non-vegetated areas, suggests that targeted
hydrological interventions could rapidly improve vegetation cover in vulnerable but re-
coverable landscapes, whereas severely degraded bare areas and dunes may require more
intensive rehabilitation.

In summary, our results identify the degraded areas of this region of Iraq, which is
vulnerable to both climate change and management policies, and highlight the factors
that influence these areas. By quantifying the dominant role of streamflow over climatic
variables, the study offers critical information for creating policies that support LULC
planning and water management. This research supports global efforts in arid and semi-
arid regions facing similar challenges, such as the Sahel, the southwestern United States,
and the MENA region.
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