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Research Topic: Modeling Vegetation Cover Dynamics in Arid Regions Using Deep
Learning and Multi-Source Data

Objective: This study aimed to model vegetation cover percentage based on soil
characteristics in the Zojy Shush watershed, Khuzestan Province, Iran. Two topographic
units (hill and valley) were considered. Machine learning algorithms were employed
alongside interpretability and uncertainty quantification approaches.

Method: Following sampling from 120 points, nine soil characteristics (pH, phosphorus,
potassium, organic carbon, EC, lime, clay, silt, and sand) and vegetation cover percentage
were measured. Three algorithms—Random Forest, XGBoost, and Gradient Boosting—
were employed with cross-validation. Feature importance was assessed using Gini,
permutation, and SHAP indices, while uncertainty was evaluated via the bootstrap
method.

Results: In the topographically-separated model for the Valley region, Gradient Boosting
achieved a median R2 of 0.73, outperforming XGBoost (0.68) and Random Forest (0.14).
In contrast, for the combined dataset, XGBoost showed superior performance (median R?
= 0.50). In contrast, the integrated model (combining both hills and valleys) yielded
negative R? values due to topographic heterogeneity. Clay (0.245), organic matter
(0.156), and phosphorus (0.130) were identified as the most important predictors.
Gradient Boosting provided the best uncertainty coverage (60%), with epistemic
uncertainty being dominant across the models. Topography-specific modeling (separate
models for hills and valleys with performance around R? = (.78) demonstrated a
significant advantage over a unified model (which yielded negative R2 values).
Furthermore, phosphorus, pH, and silt were identified as primary limiting factors for
vegetation cover in 75%, 50%, and 25% of the study area, respectively.

Conclusions: This study revealed that soil-vegetation relationships in arid regions are
nonlinear and dependent on topographic heterogeneity. Phosphorus was identified as the
primary limiting factor in calcareous soils. Despite a weak linear correlation, clay
emerged as the most important predictor due to its threshold-based relationship with
vegetation cover. The predominance of epistemic uncertainty suggests that enhancing the
modeling framework is more effective than merely increasing measurement accuracy for
improving predictions in such complex environments.
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Extended Abstract

Introduction

Vegetation cover in arid and semi-arid regions is a critical indicator of ecosystem health,
playing a vital role in soil erosion control, microclimate regulation, and combating
desertification. The complex, non-linear, and threshold-dependent relationships between soil
physicochemical properties and vegetation dynamics, however, pose significant challenges for
accurate predictive modeling. While machine learning (ML) has advanced soil science, critical
research gaps persist: a lack of simultaneous, bidirectional investigation of soil-vegetation
systems; the common oversight of topographic heterogeneity in integrated modeling
frameworks; and insufficient attention to model interpretability and the quantification of
prediction uncertainty. This study aimed to address these gaps by modeling vegetation cover
percentage based on soil properties across two distinct topographic units (hill and valley) in the
Zouji Shoush watershed, Khuzestan province, Iran, using advanced ML algorithms coupled
with interpretability and uncertainty analysis techniques.

Method

The study was conducted in the protected Zouji Shoush watershed (200 ha, warm semi-desert
climate, ~300 mm annual precipitation). A systematic-random sampling strategy, stratified by
topographic units, was employed to collect 120 composite soil samples (60 from hills, 60 from
valleys). Nine key soil physicochemical properties pH, available phosphorus (P), exchangeable
potassium (K), soil organic carbon (OC), electrical conductivity (EC), total neutralizing value
(TNV, as a measure of calcium carbonate equivalent), and percentages of clay, silt, and sand
were measured using standard laboratory methods. The target variable, vegetation canopy cover
(%), was also recorded. Three tree-based ensemble algorithms Random Forest (RF), XGBoost
(XGB), and Gradient Boosting (GB) were implemented with 5-fold cross-validation to predict
vegetation cover from the soil properties. Feature importance was quantified using three
complementary approaches: Gini impurity (model-based), permutation importance (model-
agnostic), and SHAP (SHapley Additive exPlanations) values for local interpretability.
Prediction uncertainty was comprehensively assessed through bootstrap resampling (50
iterations) by calculating prediction intervals (PIs), prediction interval coverage probability
(PICP), and mean PI width. Total uncertainty was further decomposed into its epistemic (model
knowledge deficiency) and aleatoric (inherent data variability) components. Modeling was
performed separately for hill and valley subgroups as well as in an integrated manner to evaluate
the impact of topographic heterogeneity.

Results

Pearson correlation analysis revealed strong intra-soil relationships, with the most negative
correlations observed between sand-clay (r = -0.89) and between TNV with clay (r =-0.92) and
silt (r = -0.94), indicating a strong association of carbonates with fine soil fractions. TNV
showed the strongest negative linear correlation with vegetation (r =-0.19). A regional analysis
of 10 representative zones identified phosphorus (limiting in 75% of zones), pH (50%), and silt
(25%) as the primary local limiting factors for vegetation. In the topographically-separated
model for the Valley region, Gradient Boosting demonstrated superior predictive performance
(median R? = 0.73) compared to XGBoost (0.68) and Random Forest (0.14). However, in the
combined dataset (All Data), XGBoost achieved the highest median R? (0.50), followed by
Gradient Boosting (0.47) and Random Forest (0.37). Normalized feature importance from the
GB model identified clay (importance weight: 0.245), organic carbon (0.156), phosphorus
(0.130), TNV (0.128), and sand (0.113) as the top five consensus predictors. This ranking
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highlights a key finding: despite its weak linear correlation, clay emerged as the most important
predictor, suggesting its influence on vegetation is non-linear and likely threshold-dependent,
an effect captured by the ML model but missed by simple correlation. The importance of P and
TNV reaffirms their role as key chemical constraints in these calcareous soils. SHAP analysis
consistently identified K, pH, and TNV as the most influential features across models, offering
a nuanced, model-agnostic perspective on variable importance. Bootstrap analysis indicated
variability in model performance across resampled datasets, with occasional negative R2 values
observed in some iterations. These results suggest sensitivity of the integrated models to
environmental heterogeneity and sample composition. Therefore, median R? values were used
as the primary metric for model comparison. In contrast, GB demonstrated lower mean
performance (R2 = 0.016) but significantly higher stability (SD = 0.152) and provided the best
prediction interval coverage (PICP = 60%, mean Pl width = 18.7%), suggesting more reliable
uncertainty estimates. Critically, the decomposition of uncertainty revealed that epistemic
uncertainty was dominant (>50% of total uncertainty) across all models. This indicates that the
primary source of prediction error stems from model limitations, such as missing process-based
variables or insufficiently captured complex interactions, rather than from random
measurement error. Furthermore, subgroup modeling based on topographic units yielded
substantially higher predictive performance (R? = 0.78) compared to the integrated model that
pooled data from both hills and valleys, which exhibited poor performance (negative R2 values).
This confirms the "heterogeneity penalty” concept, demonstrating that amalgamating data from
inherently different environmental contexts can degrade model accuracy.

Conclusions

This study demonstrates that soil-vegetation relationships in arid regions are inherently non-
linear, threshold-dependent, and contingent upon topographic heterogeneity. Gradient Boosting
emerged as the superior algorithm due to its capacity for modeling complex non-linear
interactions and providing more reliable uncertainty estimates. Phosphorus was identified as
the primary limiting factor in these calcareous soils, emphasizing the need for targeted
phosphorus management strategies in restoration efforts. The predominance of epistemic
uncertainty suggests that future research should prioritize improving modeling paradigms by
incorporating process-based variables (e.g., soil moisture dynamics, microbial activity) over
merely increasing measurement precision. The clear superiority of topographically-
differentiated models confirms that accounting for landscape heterogeneity is not optional but
essential for accurate predictive modeling in complex terrains. This research provides a
comprehensive and novel methodological framework that integrates advanced ML, multi-
faceted interpretability, and rigorous uncertainty quantification, offering a valuable template
for analogous studies in arid and semi-arid regions globally.
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Figure 4: Comprehensive Model Evaluation
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