Vol. 15, No. 2, Summer 2026, p. 205-228 ISSN (Print):2322-1682  ISSN (Online):2383-3076

5‘9:?‘)"5 et

%I

Journal of Geography )

and Environmental Hazards  <o#é /
e pwgad ooy IR

Ferdowsi University of Mashhad

RESEARCH ARTICLE DOI: 10.22067/GEOEH.2026.97359.1640 OPEN ACCESS

Interpretability of Machine Learning Algorithms in Drought
Susceptibility Mapping (Case Study: Khozestan Province, Iran)

Seyedeh Zeinab Shogrkhodaei!, Amanollah Fathnia" ", Seyed Vahid Razavi-Termeh?3

! Department of Geography, Faculty of Literature and Humanities, Razi University, Kermanshah, Iran
2 Surveying of Department, Yasouj University, Yasouj, Iran
3 Researcher at Sejong University, Seoul, South Korea

ARTICLE INFO ABSTRACT

Article History: In this study, a drought susceptibility map for Khuzestan Province, Iran, was

produced using the Random Forest (RF) algorithm combined with the Shapley
Received: 03 February 2026 Additive Explanations (SHAP) interpretability approach. Drought occurrence
Revised: 28 April 2026 data were derived from the Stapdardized Precipi.tatio.n Index (S‘PI) for' the peri.od
2018-2022. A total of 18 environmental and climatic factors-including relative
Accepted: 30 April 2026 humidity, wind speed, evapotranspiration, minimum and maximum
temperatures, elevation, slope, slope aspect, topographic wetness index (TWI),
land cover, normalized difference vegetation index (NDVI), soil water content,
01 May 2026 river density, water level, sandy soil, soil bulk density, clay content, and soil
texture-were used as input variables for modeling drought susceptibility. Model

Available Online:

performance was evaluated using the Receiver Operating Characteristic (ROC)

Keywords: curve, yielding an Area Under the Curve (AUC) value of 0.987, which
Drought Susceptibility demonstrates the excellent predictive performance of the Random Forest

algorithm. According to the drought susceptibility map, 31.03% of the study
Machine Learning area falls in the “very low” class, 8.18% in “low”, 8.30% in “moderate”,

10.88% in “high”, and 41.58% in the “very high” susceptibility class. The
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planners and decision-makers to mitigate the adverse impacts of drought.
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Extended Abstract

Introduction

The frequent occurrence of droughts in recent decades has posed significant challenges to the
sustainability of ecosystems, agriculture, and socio-economic development. Drought is defined as a
prolonged deficiency of precipitation over a specific period and represents a complex phenomenon
characterized by reductions in soil moisture, declines in surface water flows, decreases in groundwater
levels, and simultaneous increases in temperature. Droughts are typically classified into
meteorological, agricultural, hydrological, socio-economic, and environmental types, and they exert
both direct and indirect impacts, including global warming, deforestation, and urbanization. Machine
learning algorithms, including SVM, BRT, RF, XGBoost, KNN, and CNN, exhibit strong capabilities
in drought prediction, particularly the Random Forest (RF) algorithm, which offers high accuracy and
computational efficiency. However, the “black-box” nature of these models limits physical
interpretability, making the application of explainable artificial intelligence (XAI) techniques and the
Shapley method essential for analyzing both the positive and negative effects of features and their
interactions. Recent studies have demonstrated that integrating the Random Forest (RF) algorithm
with the Shapley method enhances both the accuracy of drought prediction and the analysis of
climatic, soil, topographic, and socio-economic factors. This study aims to improve the
interpretability of the RF algorithm and to develop a drought sensitivity map for Khuzestan Province,
with its novelty lying in the application of a spatially interpretable approach to analyze the factors
influencing drought occurrence.

Material and Methods

Khuzestan Province, located in southwestern Iran, covers an area of approximately 64,236 km?
with elevations ranging from 0 to 3,740 m, and experiences a climate spectrum from arid to humid.
Despite its major rivers and extensive water resources, the region has been increasingly affected by
environmental crises due to recurrent droughts and overexploitation of water. The development of
water-intensive industries, expansion of large-scale agricultural lands, and cultivation of high-water-
demand crops have intensified pressure on water resources. Additionally, declining precipitation in
neighboring provinces and increased groundwater extraction have exacerbated drought conditions,
impacting approximately 98.7% of the province between 2012 and 2021.

To model drought susceptibility, a total of 18 climatic, topographic, soil, and hydrological
variables were considered, including relative humidity, wind speed, evapotranspiration, minimum and
maximum temperatures, elevation, slope and aspect, topographic wetness index, land cover,
vegetation index, soil water content, river density, water table level, sand and clay fractions, bulk
density, and overall soil texture. Climatic data were derived from the annual averages of 22
meteorological stations across Khuzestan Province (2018-2022), while soil data were obtained from
the USDA database via Google Earth Engine (GEE). Elevation, slope, slope direction, and watershed
power index layers were generated from the SRTM digital elevation model with a resolution of 30 x
30 meters, and the vegetation index was generated from NDVI based on Landsat 8 images from 2019
to 2022. River density was calculated using the Line Density tool in ArcGIS, and the water surface
layer was extracted from well water table depth data (piezometric data from the National Water
Resources Management Company). The land cover layer was generated by integrating Sentinel-1 and
Sentinel-2 imagery based on the 13 classes defined by Ghorban et al. (2020). Subsequently, all layers
were transformed into raster format with a spatial resolution of 250 m using the Inverse Distance
Weighting (IDW) method to facilitate drought modeling.

The Standardized Precipitation Index (SPI) was employed to produce the drought map, as it
quantifies precipitation deficits across various time scales and is recognized as a reliable indicator for
drought monitoring. Drought susceptibility was modeled using the Random Forest algorithm, which is
capable of handling large, multivariate datasets while providing robust predictive performance. To
enhance model interpretability, the Shapley Additive Explanations (SHAP) method was applied to
assess the contribution of each input variable to drought prediction. Model accuracy was assessed
using the Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) indices, while the
coefficient of determination (R?) was calculated as a dimensionless measure of model fit. The
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performance of the drought susceptibility map was further evaluated using the Receiver Operating
Characteristic (ROC) curve and the Area Under the Curve (AUC) index, where values approaching 1
indicate a strong capability of the model to accurately predict vulnerable areas.

Results and Discussion

In this study, the Random Forest model was employed to predict drought occurrences in
Khuzestan Province based on environmental and climatic variables. Model performance was assessed
using a 10-fold cross-validation approach, with 70% of the data allocated for training and the
remaining 30% for testing. Based on the results, the R? value for the model's training data was 0.97,
indicating excellent model performance. The MAE value was 0.03, and the RMSE value was 0.07.
Furthermore, the RMSE, MAE, and R? values for the model's evaluation data were 0.18, 0.10, and
0.86, respectively. The results demonstrate the model's good accuracy for drought prediction.
Interpretability analysis using the Shapley method revealed that elevation, topographic wetness index,
relative humidity, and wind speed were the most influential factors, with decrease precipitation
exerting a particularly significant effect. The model output was generalized in ArcMap software and
using the natural Breaks method, the drought sensitivity map was classified into five classes: "very
low, low, medium, high, and very high." The results showed that 31.03% of the area was in the "very
low" class, 8.18% in "low," 8.30% in "medium," 10.88% in "high," and 41.58% in "very high." An
AUC value of 0.987 further confirmed the model’s outstanding performance. These results highlight
the Random Forest model as a powerful tool for drought identification, capable of capturing complex
and nonlinear relationships while processing both numerical and categorical data, thereby providing
effective support for environmental management and decision-making.

Conclusion

Recent drought events have inflicted substantial impacts on both the environment and human
activities. In this study, a drought susceptibility map for Khuzestan Province was developed using the
Random Forest model in combination with the Shapley Additive Explanations (SHAP) method for
interpretability. The model demonstrated excellent predictive performance, with an AUC of 0.987.
Analysis revealed that precipitation, elevation, relative humidity, the topographic wetness index, and
wind speed were the most influential factors driving drought occurrence, whereas soil texture and land
cover exhibited comparatively lower impacts. The most prevalent categories in the drought
susceptibility map were “very low” and “very high.” Areas including Andimeshk and Dezful were
classified as “very low,” while parts of Mahshahr and Ahvaz fell into the “very high” category.
Drought susceptibility mapping serves as an effective tool for identifying vulnerable regions and
informing management strategies, thereby enhancing the resilience of both ecosystems and human
communities.
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2- Convolutional Neural Network

3- Explainable Artificial Intelligence
4- Long short-term memory

5- Expected Gradient
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8- Back-propagation neural network
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Table 1- Review of studies on Drought using the Random Forest model in Iran and other countries
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(2020)
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Meteorological Drought Risk Monitoring and Zoning Using Random Forest Model.




. Vel oliwali oF o lod 8wl o oo &l pblio 5 Ll yio 4y pid

plnl Jlsiis a4 Conlus laadds ags jo (Bolal Jz (edle 6250k 008l (Sl pads B L aslllae ()
Sloslel i (sl S 5 8 s il 5 ISt o olin b Lo lnosls e oyl sl ol a3 5
Gz 0l (6 5l58 ol 00,5 ool (e g 5 olas iz Joe 6y e sl (g 695509, b addllas Gl ilons
A Jolo g i jslaie & Sl 6y el 90, S L S5 o ol Sz egian Agn e sSl 5l eolin
o iy plinl 3 JLSES 58y e S (ol 25T
axlloo o g0 ddlaio

a0 TV Jlod (oye adds jho g a0 YV L aiBs OV 5 4z )0 Y 0o O US8) (lnl (006 0z 5o plwjss Lol
» &b gles lasjes (Jahangir & Mohammadi, 2016) cewl ool &8l 3,5 Job 4230 YV g ax 0 0 b azds F-
.(Zarasvandi, Carranza, Moore & Rastmanesh, 2011) cul jsie 2o YV U o o olai)l g o)l a0 jeglS £TYYF

Baloei, ) cowl o oo Foo U YO o o (5,0 Ol g jio b V¥ L ol 6 5us (liee Jlo Jsb 5o sl ol
ol soulBl il Jbolee 3950 9 u_ﬂ &b Hhas 5l L 595 Ll .(Kabolizadeh & Mohammadi, 2024; Piri & Ghojghar, 2025
sl s 8w Slea ol St o jisn ;o ] yusie Ogb o U Sis 0 dilaie ol Glgn g u_:T Syl 158 4o Slaius
Sl 30 9 2lm luais s S (s 5wl ()5 sbailsss, (Zarasvandi et al., 2011) ojls (5 joun )5 slon o9
L1, oliwsss oliwl col mlio 5l ag, o 6,000 00 5 5,50 o JuSis Jl> cpl bl 00,5 laiz g0 |, ddlaie Sl 53
9o e 3 .(Baloei et al., 2024; Piri & Ghojghar, 2025) sl 00,5 9,419, shore sy o> sbol o 9 b >
Y gz ddgi g (55,9l ool (5ol Ve asle p ol mlio jgam i b s o st mb g (cwoVU b |l a0l
03938l dalate (pl Coenl 5 S mlio yudis Cao g clS S 18 (6,5 USS o jor (Lo alizes sl fad jo S5l
aloz el sad g5, 2l o5 0 slo il b liwl (ol (w95 50 o aolie 39> b (Koochak & Behnia, 2013) col
(S Emle g )lb mds 4 liwed oldlas SO0y Swb Liels (ol sl oliiil Co e 4 lgi e 35l5e oyl
Bahiraie, Hosseini & ) 0,5 o,lal cou8l Ol s 5 (Slaio 0,y g (St Gial3l o650l idu ,0 ol YU sloles
Ll 00l s O ClaS g oo B galS cel Jlgman slaglisl o 5L zelS yuses (Hossein-Panahi, 2025
Son wzse a5 Cusl oad (55,5l gl Logas ol 51 sy, Gl 5 (seins sl 4 o055l ) wxse s o
S laibiwl ezl 9 (Y+YY) Ol ewlislgn lesle (5,155 bl 5 .(Bahiraie et al., 2025) cuwl ooy asdlais (ol ;o JluSis
YV Gl e o pliw;er bl coluw 5l as,o AAY « McKee, Doeske & Kleist, 1993) (SPEI) (53 jxi— psed— o)L
MO oS Siics g g disle o G pan y Y game 03,108 ciS oopl pogdle ol 4235 )13 JLSies 5b cos YoV &
.(Bahiraie et al., 2025) ol 03,5 waii |y Ol sl p ,Lid wols olaisl g 4 |, oyliwl (5,0laS Ol G pas 5l oo o
o9y 9 Slgo

L los e gloools ags Jold a5 aib oo bools (5 5lanx Jolis Jgl al> o (V 8,5 bl Lol o5 F o asdllas oyl
Oeo) Oidgs b dad e glaosls 9 S L dag e slaosls o cad8l slaosls (31T gs5 slaosls 05,5 [l j0 J5e slo,las
ol 6lp 8,3 bl laools (5318 i pgo Al pe ,0 (Yool ags 2 CHIRPS I JLuSas g585 sloosls rizman .abil oo
Kz Jowo 5l DTSM) JluSis Conls 42 dgs gl o alo o j0 (Y ol colaul S50 Julse jog o iz 5l jelate

1- https://www.irimo.ir/eng/index.php
2- Climate Hazards Center InfraRed Precipitation with Station data
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1- Root Mean Square Error
2- Mean Absolute Error
3- Receiver Operating Characteristic
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2- Google Earth Engine

3- Shuttle radar topography mission

4- Normalized Difference Vegetation Index
5- Landsat-8

6- Line Density
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b Y=TIN + FP
Sensitivity = L o
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1- Coefficient of Determination
2- Receiver Operating Characteristic
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Table 2- Model evaluation results based on R?2, MAE, and RMSE criteria
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