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The integration of trend-based Environmental Stress Severity (ESS) and Artificial 
Neural Network (ANN) modeling provides a robust framework for quantifying 
natural environment dynamics and forecasting stress in arid ecosystems. This 
study focuses on the Makkah Watersheds, Saudi Arabia. ESS was derived from 
Kendall’s τ and significance thresholds applied to long-term Landsat indices 
(NDVI, NDWI, LST; 1991–2023) and hydroclimatic drivers from TerraClimate 
(temperature, precipitation, AET, CWD). Trend analysis revealed significant 
declines in NDVI (20.48 km2) and NDWI (99.57 km2) and an increase in LST 
(156.5 km2) at p < 0.05. Hydroclimatic pressures intensified as CWD expanded 
(1,936 km2) while AET (176 km2) and precipitation (128 km2) contracted. The 
optimized ANN models demonstrated strong predictive performance for 
Environmental Stress Severity, with the baseline ANN achieving R2 = 0.881 
(MAE = 0.200), and further improvements obtained using metaheuristic 
optimization (ANN-PSO: R2 = 0.890, MAE = 0.186; ANN-GWO: R2 = 0.883, 
MAE = 0.196). Zonal and landcover diagnostics showed the highest stress in 
sparsely vegetated zones (e.g., WS5: 3.49 ± 0.67, WS4: 3.31 ± 0.71), whereas built- 
up areas exhibited lower means (e.g., WS1: 2.88 ± 0.72). Right-skewed ESS 
distributions in natural covers highlight asymmetric dryland vulnerability, 
characterized by a larger tail of highly stressed pixels. The workflow is 
scalable, temporally sensitive, and directly actionable for restoration planning, 
land-use regulation, and climate-risk adaptation in drylands.
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1 Introduction

Environmental degradation in arid and semi-arid regions threatens ecological 
sustainability, water security, and climate resilience. Covering >40% of Earth’s land 
surface, these regions are especially exposed to climate variability and change (UNCCD, 
2022). Robust, spatially resolved understanding of vegetation dynamics under changing 
hydroclimatic conditions is therefore essential for effective restoration and adaptive 
management in drylands.

Saudi Arabia occupying ~80% of the Arabian Peninsula is predominantly arid, with 
high temperatures and low, erratic rainfall (Al-Rowaily et al., 2016). In the Makkah 
Province, projected increases in temperature and evapotranspiration indicate escalating 
environmental stress under SSP2-4.5 and SSP5-8.5 scenarios (El-Rawy et al., 2023), while 
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rapid urbanization elevates flood risk and impact (Al-Areeq et al., 
2021). Satellite remote sensing enables consistent observation of 
these dynamics across scales; the near-infrared (NIR, 
~0.76–0.90 µm) and thermal infrared (TIR, ~10.4–12.5 µm) 
bands are central for monitoring vegetation condition, surface 
water, and land-surface temperature (Lambin, 2001). The Landsat 
program’s multi-decadal record provides an empirical basis for 
trend detection (Wulder et al., 2022).

Recent advances in cloud platforms and open libraries as Google 
Earth Engine (Gorelick et al., 2017) and Google Colab (Bisong, 
2019), TensorFlow and scikit-learn (Abadi et al., 2016; Pedregosa 
et al., 2011), and geospatial tooling in R/Python (R Core Team, 2024; 
Hijmans, 2024a; 2024b; Kuhn, 2008) enable scalable, reproducible 
analyses of large Earth-observation archives. These tools support 
machine-learning and deep-learning models capable of capturing 
non-linear responses and emerging degradation hotspots 
(Schmidhuber, 2015; Hasan et al., 2024; Mas et al., 2004). Recent 
studies have demonstrated the growing utility of deep learning in 
vegetation stress and desertification monitoring. Sun et al. (2023)
applied a bidirectional long short-term memory (BiLSTM) model to 
predict NDVI-based vegetation stress across northern China using 
meteorological data, while Paul et al. (2025) provided a 
comprehensive review highlighting how deep learning 
architectures can effectively detect plant stress from multi-sensor 
imagery. Additionally, threshold-based vegetation index approaches 
have been successfully used for desertification assessment, 
reinforcing the rationale for trend- and index-driven stress 
diagnostics applied here Berdyyev et al. (2024).

This study develops a spatially explicit Artificial Neural Network 
(ANN) framework to predict an Environmental Stress Severity (ESS) 
index for watersheds in the Makkah Province. We integrate long- 
term Landsat-derived indices—NDVI, NDWI, LST (Tucker, 1979; 
Gao, 1996; Jiménez-Muñoz and Sobrino, 2003) with TerraClimate 
variables (temperature, precipitation, AET, CWD; Abatzoglou et al., 
2018) and ESA land cover (ESA, 2022). Trend features are derived 
using Kendall’s τ and significance thresholds and supplied to the 
ANN to generate continuous ESS predictions. In the regional 
literature, most applications emphasize trend statistics or GAMs; 
while deep learning has been explored for desertification and urban 
ecosystem mapping (Said et al., 2021; Alqadhi et al., 2024), a 
multidecadal, spatially explicit ANN for environmental stress 
prediction across the Makkah watersheds remains under- 
developed. We complement the predictive layer with a multi- 
criteria evaluation (MCE) to identify restoration suitability.

The study addresses the following research objectives: (i) what 
are the long-term trends in NDVI, NDWI, and LST (1991–2023) in 
the study area; (ii) whether a shallow Artificial Neural Network, 
using normalized NDVI, NDWI, LST, temperature, precipitation, 
AET, and CWD, can accurately predict an Environmental Stress 
Severity (ESS) index; and (iii) how the predicted ESS varies spatially 
across watersheds and land-cover classes to reveal stress hotspots 
relevant to restoration.

Accordingly, we (1) quantify multi-decadal trends in NDVI, 
NDWI, LST and climatic conditions; (2) develop and validate an 
ANN to predict ESS from normalized spectral and climatic 
predictors; and (3) generate spatial ESS maps and conduct zonal 
analyses by watershed and land cover to identify stress hotspots 
for planning.

2 Materials and methods

2.1 Study area

The study was conducted across eight watersheds in the Makkah 
Province of western Saudi Arabia. These watersheds lie between 
21.1458°N and 21.6047°N latitude, and 39.5708°E to 40.2881°E 
longitude, with elevations ranging from 124 m to 2,479 m above 
sea level (Figure 1). The water flow generally follows an east-to-west 
direction, shaped by the escarpment topography of the western 
Arabian Shield. The region spans a variety of landforms such as 
mountains, hills, plains, and tablelands, offering a diverse landscape 
for analyzing environmental stress across terrain types. The 
dominant climate zone is Tropical Desert, with additional 
presence of Subtropical Dry, Tropical Dry, and Warm Temperate 
Dry types (Karger et al., 2017). These climatic gradients influence 
vegetation dynamics, soil moisture, and surface energy fluxes, 
contributing to heterogeneous environmental stress patterns.

Land use and land cover (ESA, 2022) analysis highlights a 
predominance of bare areas (1,303.94 km2) and sparse vegetation 
(973.20 km2). Urban or artificial surfaces cover 185.37 km2, while 
cropland (67.95 km2) and grassland, scrub, or shrubland (31.06 km2) 
represent smaller portions of the landscape. Only 0.18 km2 is 
covered by deciduous forest. This LULC composition reflects the 
arid to semi-arid environment, where vegetation is limited and 
unevenly distributed.

The physical and climatic complexity of the study area makes it a 
suitable testbed for deep learning models aimed at identifying 
degradation hotspots and evaluating landscape vulnerability 
across environmental gradients.

2.2 Schematic workflow

The schematic workflow (Figure 2) illustrates the integrated 
framework applied to assess environmental stress and identify 
priority sites for vegetation restoration. Multi-source datasets, 
including Landsat imagery, TerraClimate variables, SoilGrids, and 
ESA CCI land cover, were systematically processed using Google 
Earth Engine to ensure consistency. Temporal trends were derived 
with Kendall’s tau and Mann–Kendall tests. These indicators, 
combined with climate predictors, were modeled through an 
Artificial Neural Network (ANN) to generate the Environmental 
Stress Severity (ESS) index.

2.3 Data sources and processing

To assess environmental stress using deep learning techniques, 
multi-source geospatial datasets were employed and systematically 

Abbreviations: ANN, Artificial Neural Networks; GEE, Google Earth Engine; 
LST, Land Surface Temperature; NDVI, Normalized Difference Vegetation 
Index; NDWI, Normalized Difference Water Index (vegetation water 
content); NIR, Near-Infrared; SWIR – Shortwave Infrared.
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processed, as shown in Table 1. The data sources include optical and 
thermal satellite imagery from the Landsat archive, climate variables 
from the TerraClimate dataset, and land cover information from 
ESA’s Climate Change Initiative (CCI). Data processing was 
performed using Google Earth Engine (GEE) to ensure 
scalability, reproducibility, and temporal consistency 
across datasets.

2.3.1 Landsat data processing
Annual time series from Landsat 5 TM, 7 ETM+, and 8 OLI/ 

TIRS (1991–2023) were obtained in Google Earth Engine for the 
study area (WRS-2 path 166, rows 44–45) (Chander et al., 2009; 
Wulder et al., 2012; Roy et al., 2014; Gorelick et al., 2017). Processing 
used Collection-2 Level-2 surface reflectance; pixels flagged as cloud, 
cloud shadow, snow, or saturation were removed with QA_PIXEL/ 

FIGURE 1 
(a) Location of Makkah Province in Saudi Arabia (b) Watersheds in Makkah Province (c) The area of interest, highlighting Landuse/landcover (LULC) 
within the eight watersheds.

FIGURE 2 
Workflow showing integration of geospatial datasets and processing steps. Landsat, climate and land cover were pre-processed, analyzed with 
Kendall’s trend, and modeled using an ANN to generate the Environmental Stress Severity (ESS) index.
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BQA bitmasks. For each year, median surface-reflectance 
composites were generated and NDVI/NDWI computed. Land 
surface temperature (LST) was retrieved from the thermal bands, 
Band 6 (TM/ETM+) and Band 10 (TIRS) via a radiative-transfer 
approach with emissivity correction, converted to °C, and resampled 
to a 30-m analysis grid (Jiménez-Muñoz and Sobrino, 2003). This 
workflow limits phenological and sensor inconsistencies while 
preserving long-term trends.

2.3.2 Climate data processing
Monthly TerraClimate fields (tmax, precipitation, actual 

evapotranspiration, climatic water deficit) at ~4 km resolution 
were retrieved for 1991–2023 (Abatzoglou et al., 2018). For each 
pixel and year, tmax was averaged, while precipitation, AET, and 
CWD were summed to produce annual series aligned with the 
Landsat period. Pixel-wise monotonic trends were then 
quantified using Kendall’s tau-b (Equation 6), with 
significance assessed at α = 0.05. All rasters were reprojected, 
resampled (bilinear), and snapped to the Landsat analysis grid 
for co-registration; resampling does not increase spatial detail 
beyond TerraClimate’s native resolution.

2.3.3 Landuse/landcover (LULC)
Annual ESA CCI Land Cover was retrieved and the latest year 

within the study window was selected (ESA, 2022; Harper et al., 2023). 
The native legend was collapsed to five study-relevant classes, bare 
ground, shrubland, cropland, urban/built-up, and sparse vegetation, 
using a documented crosswalk. The map was reprojected to the 
analysis CRS and snapped to the Landsat grid via majority 
resampling, then clipped to the AOI. The resulting LULC layer was 
used to support interpretation of modeled stress patterns.

2.3.4 Hydrological analysis
A 30 m global DEM was processed in Google Earth Engine. The 

DEM was hydrologically conditioned (depression filling), then used 
to derive elevation, slope, plan/profile curvature, flow direction, and 
flow accumulation. A channel network was extracted from flow- 
accumulation using an empirically tuned threshold and pruned to 
remove spurious headwater segments. Pour points were placed at 
the main drainage outlets within the AOI, and eight sub-basins 
(WS1–WS8) were delineated by watershed tracing. All rasters were 
reprojected and snapped to the Landsat analysis grid to ensure co- 
registration.

FIGURE 3 
Schematic of the feed-forward Artificial Neural Network (ANN) architecture used for ecological stress prediction. Input variables were normalized 
(AET, NDVI, LST, NDWI, temperature, rainfall, and climatic water deficit), processed through a single hidden layer of 10 neurons, and mapped to a 
continuous ecological stress output.

TABLE 1 Data sources, variables, native resolution, and references used in this study.

Dataset Provider/ 
Platform

Variables/ 
Layers used

Spatial resolution References

Landsat SR 5–8 (TM, 
ETM+, OLI/TIRS)

USGS/NASA via Google 
Earth Engine

NDVI, NDWI, LST 30 m (optical); 100 m thermal 
(resampled to 30 m)

U.S. Geological Survey USGS and National Aeronautics and 
Space Administration NASA (2022), Gorelick et al. (2017)

TerraClimate University of Idaho 
via GEE

Tmax, Precip, 
AET, CWD

~4 km (2.5-arc-min) Abatzoglou et al. (2018)

ESA CCI Land Cover ESA via GEE Land-cover class 300 m ESA. (2022)
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2.4 Trend analysis

Annual median spectral indices (1991–2023) were evaluated 
using Kendall’s tau-b, a nonparametric, tie-corrected measure 
appropriate for monotonic trends in non-normal environmental 
series (Kendall, 1975). Tau-b was computed using Equation 1: 

τb �
C−D

����������������������
C +D + Tx( ) C +D + Ty􏼐 􏼑

􏽱 (1)

where C and D are the counts of concordant and discordant pairs, 
and Tx and Ty denote ties in the time (x) and index (y) variables, 
respectively. Statistical significance of trends was assessed with the 
two-sided Mann–Kendall test (Mann, 1945; α = 0.05). To compare 
mapped extents of positive versus negative trends across predefined 
groups (watersheds or land-cover classes), we applied a paired t-test 
to the corresponding area measures, thereby testing for systematic 
differences in trend areas.

2.5 Model development, evaluation, and 
validation

An Artificial Neural Network (ANN) model was developed to 
assess spatial patterns of environmental stress by predicting the 
Environmental Stress Severity (ESS) index based on normalized 
environmental predictors (Figure 3).

2.5.1 Environmental stress severity (ESS)
For each indicator (NDVI, NDWI, LST), a severity score (Sv) 

ranging from one to five was assigned according to the criteria in 
Table 2. The final Environmental Stress Severity (ESS) was defined 
as the dominant stress signal, expressed as Equation 2

ESS � max SNDVI, SNDWI, SLST{ } (2)

The selected cut-offs also follow common practice in time-series 
and hydroclimatic trend applications, where τ magnitudes around 
0.10, 0.30, and above 0.50 are treated as weak, moderate, and strong 
monotonic associations, respectively, and are used as interpretable 
bins for mapping spatial gradients (Yue et al., 2002; Wang et al., 
2020; de Beurs and Henebry, 2005). A formal sensitivity analysis was 
not conducted because the classification was anchored to (i) these 
widely used τ-strength conventions and (ii) the observed τ 
distribution in the study area; additionally, the stability of the 
severity mapping was checked through independent cross-sensor 
agreement with MODIS NDVI trend behavior.

2.5.2 Input variables
Predictors comprised normalized trends of NDVI, NDWI, LST 

and annual climate drivers (tmax, precipitation, CWD, AET). Each 
predictor was scaled to [0,1] via min–max normalization to stabilize 
training using Equation 3: 

xnormalised �
x−min x( )

max x( )−min x( )
(3)

2.5.3 ANN model and training
We used a feed-forward Artificial Neural Network (ANN) with a 

single hidden layer, an architecture widely applied for ecological 
prediction tasks where nonlinear but relatively smooth 
input–response relationships are expected. To avoid overfitting, 
we restricted model complexity and selected the final architecture 
(one hidden layer with 10 neurons) after exploratory 
hyperparameter tuning in which we evaluated combinations of 
one to two hidden layers and 5–20 neurons using fivefold 
internal validation. The selected configuration provided stable 
performance gains without unnecessary model depth. The hidden 
layer used a logistic (sigmoid) activation, which performed 
comparably to ReLU and Tanh during tuning and offered greater 
numerical stability for our normalized [0–1] predictors, while the 
output layer used a linear activation appropriate for continuous 
regression. Training was performed using backpropagation with 
weight decay (0.01) for regularization and a maximum of 
200 iterations. Data were randomly split 70/30 into training and 
testing sets; only training data informed weight updates.

To further assess whether metaheuristic optimization improves 
predictive performance beyond a classical shallow ANN, we 
additionally implemented Particle Swarm Optimization (ANN- 
PSO) and Grey Wolf Optimization (ANN-GWO) to tune key 
ANN hyperparameters (number of hidden neurons and weight 
decay). Both algorithms searched predefined parameter ranges 
and optimized model performance using internal validation. The 
optimized ANN-PSO and ANN-GWO models were then evaluated 
on the same held-out test set and compared directly with the 
baseline ANN using identical predictors and evaluation metrics 
(MAE, RMSE, R2), enabling an explicit assessment of performance 
gains attributable to post-2020 ANN optimization strategies.

2.5.4 Model evaluation
Performance was quantified on the held-out test set using mean 

squared error (MSE), mean absolute error (MAE), and coefficient of 
determination (R2) (Chai and Draxler, 2014; Willmott and 

TABLE 2 Decision rules for per-indicator severity Sv .

Indicator Stress-consistent τ 
direction

Very 
high (5)

High (4) Moderate (3) Low (2) None (1)

NDVI more negative ⇒ more stress τ ≤ −0.50 & 
p < 0.05

−0.50<τ ≤ −0.30 & 
p < 0.05

−0.30<τ ≤ −0.10 & 
p < 0.05

−0.10<τ < 0 & 
p < 0.05

p ≥ 0.05 or 
τ ≥ 0

NDWI more negative ⇒ more stress τ ≤ −0.50 & 
p < 0.05

−0.50<τ ≤ −0.30 & 
p < 0.05

−0.30<τ ≤ −0.10 & 
p < 0.05

−0.10<τ < 0 & 
p < 0.05

p ≥ 0.05 or 
τ ≥ 0

LST more positive ⇒ more stress τ ≥ +0.50 & 
p < 0.05

+0.30 ≤ τ < +0.50 & 
p < 0.05

+0.10 ≤ τ < +0.30 & 
p < 0.05

0 < τ < +0.10 & 
p < 0.05

p ≥ 0.05 or 
τ ≤ 0
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Matsuura, 2005; Kvalseth, 1985). These complementary metrics 
assess average error magnitude, variance explained, and 
sensitivity to outliers.

To interpret the ANN outputs at scale, we trained a compact 
gradient-boosting surrogate on the same predictors and computed 
SHAP values on a large subset.

2.5.5 Feature importance assessment
Global feature importance was assessed using a permutation- 

based, model-agnostic approach implemented in the iml framework. 
Each predictor was randomly permuted while holding others 
constant, and the resulting increase in mean absolute error 
(MAE) was recorded as its importance score. Larger values 
indicate greater contribution to predictive performance.

2.5.6 External cross-sensor validation with MODIS 
Terra/Aqua NDVI

To test whether ANN-based stress (ESS) captures vegetation 
dynamics independently of the training sensor, we performed an 
external, cross-sensor validation using MODIS Terra/Aqua NDVI 
(500 m) from 2000 to 2021 at five sites (points a–e) (Figure 6). Daily 
NDVI was aggregated to monthly medians, and we also formed 
deseasonalized anomalies (monthly value minus the site-specific 
monthly climatology). For each site we estimated trend magnitude 
with Sen’s slope (Theil–Sen; NDVI units · yr-1) and monotonicity 
with Kendall’s τ (two-sided p). Site stress was fixed to the ANN 
based stress values. Agreement with the a priori hypothesis (higher 
stress ⇒ more negative NDVI trend) was evaluated two ways: (i) 
within-site trend signs and (ii) across-sites rank associations 
(Spearman’s ρ, Kendall’s τ) between stress and Sen’s slope. We 
also summarize decadal slopes (slope × 10) and total change over 
2000–2021 (slope × 21).

3 Results

3.1 Spatiotemporal trends in environmental 
indicators (1991–2023)

Pixel-wise Kendall’s τ revealed heterogeneous but coherent 
trends across the eight watersheds (Table 3). Areas meeting the 
significance threshold (α = 0.05) and, separately, marginal 
significance (0.05–0.10) were extracted to quantify change.

Greenness and moisture increased over substantially larger areas 
than they declined: NDVI showed 282.46 km2 of positive trends 
versus 20.48 km2 negative (p < 0.05), and NDWI 
248.44 km2 positive versus 99.57 km2 negative. In contrast, 
surface warming and atmospheric demand intensified: LST 
increased over 156.45 km2 (versus 2.30 km2 decreasing; p < 
0.05) and maximum temperature was positive over 2,016 km2. 
Hydroclimate indicators pointed to drying pressure, AET and 
rainfall declined over 176 km2 and 128 km2, respectively, while 
climatic water deficit increased over 1,936 km2 (all p < 0.05). 
Together, these results indicate a net rise in thermal and 
moisture stress, co-occurring with localized greening (Figure 4).

3.2 Model-based prediction of 
environmental stress severity

3.2.1 Model performance
The baseline simple ANN was compared with two 

metaheuristic-optimized variants, ANN–PSO and ANN–GWO. 
The baseline ANN achieved a mean absolute error (MAE) of 
0.200 and an R2 of 0.881, indicating strong baseline predictive 
skill. Optimization via Particle Swarm Optimization further 
improved performance (ANN–PSO: MAE = 0.186, R2 = 0.890), 
yielding the lowest prediction error and highest explanatory power. 
The ANN–GWO model also outperformed the baseline ANN 
(MAE = 0.196, R2 = 0.883), though with slightly lower gains than 
ANN–PSO (Table 4). The results demonstrate that metaheuristic 
optimization enhances ANN performance, with ANN–PSO 
providing the most robust balance between accuracy and 
generalization for environmental stress prediction. Model choices 
follow established practice for ecological prediction (Lek and 
Guégan, 1999; Ripley, 1996; Kuhn and Johnson, 2013).

3.2.2 Distribution of Predicted Environmental 
Stress Severity

The distribution of baseline ANN-predicted Environmental 
Stress Severity (ESS) values exhibits a pronounced right-skewed 
structure (Figure 5), with most pixels clustered within the low-to- 
moderate stress range (approximately ESS = 1.5–2.5) and a steadily 
declining frequency toward higher values. This asymmetric pattern 
reflects the heterogeneous spatial expression of environmental 
stress, whereby extensive portions of the landscape experience 
relatively moderate conditions, while smaller, spatially 
concentrated areas form distinct high-stress hotspots. The 
extended right tail indicates localized zones of intensified stress, 
consistent with persistent vegetation decline, moisture deficit, and 
elevated surface temperatures.

These distributional characteristics of ESS across the study area 
given in Figure 6. Predicted stress forms a coherent belt across the 
central and eastern watersheds, particularly along steeper, high- 
elevation ridges, whereas flatter lowland areas exhibit substantially 
lower stress levels. Watershed-level statistics reinforce this gradient: 
WS4 and WS5 show the highest mean ESS (2.62 and 2.40, 
respectively), with WS4 also displaying the greatest variability 
and pronounced hotspots. WS1 and WS7 exhibit moderately 
elevated stress, especially across mid-to high-elevation terrain, 
while WS6 and WS8 consistently register the lowest stress levels; 
WS2 and WS3 fall within an intermediate range. Collectively, these 
patterns indicate that ESS intensifies with increasing elevation and 
terrain complexity, highlighting topographically driven vulnerability 
within the watershed system.

3.2.3 Feature importance of predictors
Permutation-based importance shows that LST trend is the 

dominant predictor (importance = 2.87), followed by NDWI 
trend (2.06) and NDVI trend (1.40), indicating that thermal and 
moisture stresses exert stronger control on environmental stress 
severity than rainfall or atmospheric water demand (Figure 7).
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3.2.4 Cross-sensor validation with MODIS 
Terra/Aqua

Trends from monthly NDVI (anomalies) matched the 
hypothesized pattern at all sites ‘a’ to ‘e’ as shown in Figure 8.

• High-stress: a (stress = 4.138): τ = −0.430 (p < 0.001), 
Sen = −0.00289 years-1 (≈−0.0289 per decade; 
≈ −0.0607 total). c (3.603): τ = −0.251 (p = 1.7 × 10−9), 
Sen = −0.00102 years-1 (≈−0.0102 per decade; ≈ −0.0214 total).

• Low-stress: b (0.673): τ = 0.672 (p < 0.001), Sen = 
+0.00976 years-1 (≈+0.0976 per decade; ≈ +0.2050 total). d 
(1.041): τ = 0.379 (p < 0.001), Sen = +0.00160 years-1 

(≈+0.0160 per decade; ≈ +0.0336 total).
• Mid-stress: e (2.468): τ = 0.320 (p < 0.001), Sen = 

+0.00053 years-1 (≈+0.0053 per decade; ≈ +0.0111 total).

Across sites, stress ranked perfectly opposite to NDVI trend in 
both the raw monthly series and the anomalies (identical outcomes): 
Spearman ρ = −1.000 (p = 1.12 × 10−23); Kendall τ = −1.000 (p = 
0.0275). The mean NDVI trend in high-stress sites 
was −0.00196 years-1, versus +0.00568 years-1 in low-stress sites 

TABLE 3 Areal extent (km2) of significant monotonic trends (Mann–Kendall) by variable and sign for 1991–2023. Values are reported for p < 0.05 and for 
marginal significance (0.05–0.10).

Indices/Climate Trend (p < 0.05) area (km2) Trend (p = 0.05–0.10) area (km2)

Negative Positive

p < 0.05 p = 0.05–0.10 p < 0.05 p = 0.05–0.10

NDVI 20.48 5.94 282.46 59.59

NDWI 99.57 24.45 248.44 26.07

LST 2.30 1.97 156.45 103.43

Maximum Temperature — — 2016 —

Actual Evapotranspiration 176 224 — —

Rainfall 128 240 — —

Climate Water Deficit — — 1936 64

TABLE 4 Performance comparison of the baseline ANN and metaheuristic- 
optimized ANN models (PSO and GWO) for Environmental Stress Severity 
prediction.

Model MAE R2

Simple ANN 0.200 0.881

ANN-PSO 0.186 0.890

ANN-GWO 0.196 0.883

FIGURE 4 
Spatial distribution of Kendall’s τ (1991–2023) for major environmental variables: (A) NDVI, (B) NDWI, (C) LST, (D) maximum temperature (Tmax), (E) 
rainfall, (F) actual evapotranspiration (AET), (G) climatic water deficit (CWD), and (H) elevation. Color bars represent Kendall’s τ values for panels A–G and 
elevation in meters (m (A) s.l.) for panel (H).
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(difference = −0.00764 years-1), indicating materially divergent 
trajectories consistent with the ESS signal.

These results demonstrate strong cross-sensor consistency: locations 
the ANN classified as highly stressed exhibit significant NDVI decline in 
an independent satellite record, while low-stress locations greened over 
the same period. Using deseasonalized anomalies confirms that the 
relationships are not artifacts of seasonality.

3.2.5 Zonal assessment by watershed and 
land cover

Baseline simple ANN–derived ESS values varied 
systematically by land-cover type and watershed (Figure 9). 
Sparse vegetation exhibited the highest means (e.g., WS5: 
3.49 ± 0.67; WS4: 3.31 ± 0.71), indicating elevated 
vulnerability of open rangelands. Grassland/scrub also 

FIGURE 5 
Histogram of baseline ANN-predicted Environmental Stress Severity (ESS) values across the study area.

FIGURE 6 
Predicted Environmental Stress Severity (continuous ESS) from the baseline simple ANN across eight watersheds (1–8) and points a–e for cross- 
sensor validation.
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showed elevated stress in WS1 (3.04 ± 0.46). Cropland was 
heterogeneous, from high stress in WS3 (3.85 ± 0.77) to low 
values in WS7 (1.47 ± 1.05), reflecting management contrasts. 
Artificial surfaces had lower means overall (e.g., WS1: 2.88 ± 

0.72; WS6: 2.15 ± 1.06) but included local extremes (maximum 
ESS = 6.92 in WS5), consistent with urban heat-island hotspots. 
Bare areas were comparatively stable (e.g., WS5: 3.04 ± 0.80; 
WS2: 2.75 ± 0.67).

FIGURE 7 
Global permutation-based feature importance of predictors used in the ANN model. The bars show the increase in mean absolute error (MAE) after 
permuting each predictor, computed using a model-agnostic approach (imlFeatureImp).

FIGURE 8 
External cross-sensor validation of ANN-derived environmental stress using MODIS NDVI (Terra/Aqua, 500 m; 2000–2021).
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FIGURE 9 
Mean (±) Baseline simple ANN–derived ESS by land-cover class within each watershed.

FIGURE 10 
Density distributions of Baseline simple ANN–derived ESS by land-cover class for WS1–WS8; peaks indicate dominant stress levels within each class.
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To characterize distributional differences beyond means, kernel 
densities of ESS were estimated for land-cover classes within each 
watershed. Densities highlight class-specific stress regimes, e.g., 
higher stress concentration in sparsely vegetated zones (Figure 10).

4 Discussion

This study integrates multi-decadal satellite and climate records 
with an ANN to produce spatially explicit estimates of 
environmental stress. The approach responds to calls for scalable, 
data-driven diagnostics that can guide land restoration and policy 
targeting (UNCCD, 2022; Poldveer et al., 2019).

4.1 Data integration and modelling

The framework couples long-term spectral and hydro-climatic 
trends with a shallow ANN, capturing non-linear responses without 
strong distributional assumptions (LeCun et al., 2015). Trend-based 
features improve temporal sensitivity and reduce noise from 
interannual variability, enabling the model to detect legacy effects 
of stress (Ma et al., 2019; Bürgi et al., 2017). Normalization and 
regularization supported stable training and generalization, 
consistent with recent dynamic environmental modelling 
(Banerjee et al., 2025). Previous studies have reported ANN 
superiority over SVM and RF models in similar ecological 
forecasting contexts (Etensa et al., 2025; Kladny et al., 2024). 
Three ANN variants were evaluated: a baseline simple ANN and 
two metaheuristically optimized models, ANN-PSO and ANN- 
GWO. Performance improved with optimization, as ANN-PSO 
achieved the lowest error (MAE = 0.186) and highest explanatory 
power (R2 = 0.890), followed by ANN-GWO (MAE = 0.196, R2 = 
0.883), compared to the simple ANN (MAE = 0.200, R2 = 0.881), 
highlighting the benefit of post-2020 optimization strategies. The 
ANN therefore provided the best balance between accuracy, 
generalization, and smoothness of the predicted surface, 
reflecting its ability to capture nonlinear interactions among 
NDWI, NDVI, and LST interactions that are especially important 
in transitional ecotones where vegetation–climate responses diverge 
from linear assumptions. The harmonized, co-registered inputs 
further address spatial comparability challenges common in 
degradation mapping (Yang et al., 2025). Although the modelling 
components used here are well established, the integrated use of 
long-term trend features (Kendall’s τ) with ANN-based prediction 
provides a novel application for continuous environmental stress 
mapping in the Makkah watersheds. This trend-driven feature 
engineering and watershed-level zonal assessment extend existing 
approaches and offer a replicable framework for dryland 
restoration planning.

4.2 Patterns and environmental implications

Predicted stress exhibits strong spatial structure aligned with key 
biophysical gradients: elevated values dominate open, transitional 
ecotones. This configuration reflects established dryland 
vulnerability theory, where sparse canopies amplify thermal 

loading and water imbalance (D’Odorico et al., 2013; Huang 
et al., 2016). The SHAP analysis reinforces this interpretation by 
identifying NDWI trend as the dominant predictor, exceeding both 
NDVI and LST in marginal contribution to stress. In semi-arid 
systems, vegetation water content responds more quickly and 
sensitively to moisture deficits than greenness, and NDWI 
captures liquid-water dynamics in foliage and upper canopy 
layers, often signaling hydraulic stress before visible declines 
emerge in NDVI. The sharp separation between high- and low- 
stress watersheds thus suggests that sustained moisture loss, rather 
than greenness alone, is the primary driver of ecosystem 
vulnerability in this landscape.

Class-wise diagnostics show that shrublands and bare areas 
disproportionately absorb climatic variability, echoing patterns 
documented in North African and Central Asian arid belts (El 
Najjar et al., 2023; Ensor et al., 2019). Cropland responses are 
heterogeneous consistent with management-dependent buffering 
noted in precision agriculture (Kamilaris and Prenafeta-Boldu, 
2018), while some built-up zones exhibit localized greening, likely 
tied to urban vegetation maintenance. Overall, the spatial and 
predictor-based evidence converges on moisture limitation as the 
central mechanism shaping stress distribution across the region.

4.3 Limitations and areas for advancement

Empirical reliability depends on input representativeness, and 
several constraints should be acknowledged. Medium-resolution 
LULC and 30 m Landsat inputs may overlook fine-scale stress 
processes within heterogeneous mosaics of shrubs, bare soil, 
croplands, and urban–rangeland edges. Likewise, the ESS index is 
derived from multi-decadal monotonic trends, providing robust 
long-term signals but potentially missing short-lived or acute 
disturbances such as anomalously hot years, pest outbreaks, or 
sudden drought pulses. The ANN is inherently correlative, 
identifying statistical associations rather than mechanistic drivers 
of stress. Hybrid models that couple data-driven learning with 
process constraints could therefore improve realism (Olawade 
et al., 2024), while temporal ensembles and attention mechanisms 
offer promise for capturing extremes and emerging regime shifts 
(Vaswani et al., 2017). Integrating higher-resolution imagery, 
seasonal indicators, and mechanistic components represents a 
logical next step to enhance sensitivity and predictive robustness. 
A key limitation of this study is that model evaluation was based on a 
random 70/30 train–test split rather than spatial cross-validation. 
Because the predictor variables and target response exhibit spatial 
autocorrelation, randomly partitioned samples may remain spatially 
proximate, potentially leading to mildly optimistic estimates of 
predictive accuracy due to spatial leakage.

4.4 Management implications and 
future outlook

By mapping stress and suitability jointly, the workflow supports 
pre-emptive restoration and adaptive land management. 
Concentrations of high stress near urban–marginal interfaces 
highlight priorities consistent with regional sustainability targets. 
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The approach is implementable within environmental early- 
warning and planning systems and is transferable to other 
drylands confronting similar pressures (IPCC, 2023). As aridity 
intensifies under climate change, combining trend-aware learning 
with MCE offers a pragmatic, policy-ready pathway to allocate 
restoration where feasibility and impact intersect.

5 Conclusion

This study demonstrates that Artificial Neural Networks (ANNs) 
provide a robust, systems-based means to model environmental stress 
in arid landscapes. By integrating multi-decadal remote-sensing indices 
(NDVI, NDWI, LST) with climate variables (temperature, precipitation, 
AET, CWD), the framework captured non-linear controls on 
vegetation stress across the Makkah watersheds, achieving high 
predictive skill (R2 = 0.88; MAE = 0.20). The resulting 
Environmental Stress Severity (ESS) surfaces identified coherent 
hotspots, with sparsely vegetated zones and marginal croplands 
showing systematically higher stress under rising temperature, 
increasing climatic water deficit, and declining moisture availability. 
The right-skewed stress distributions in natural cover types underscore 
asymmetric vulnerability to cumulative pressures in drylands.

Operationally, the workflow delivers policy-relevant, spatially 
explicit guidance for restoration planning, land-use regulation, and 
climate adaptation. It is scalable in Google Earth Engine, transferable 
to other drylands, and can be expanded through field validation and 
sensitivity analyses.
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