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Extended abstract

Introduction

Groundwater is recognized as a vital and critical resource worldwide,
playing a key role in providing water for agriculture, industry, livestock, and
human communities. In Iran, due to climate change and over-exploitation of
groundwater resources, many areas have become dry, leading to a serious
water shortage in various provinces of the country. In previous research,
researchers have investigated machine learning methods to identify the best
model for predicting groundwater potential. The main objectives of this
research include identifying high-performance machine learning models for
prediction with minimal available data. This research is distinguished by the
use of advanced machine learning methods based on the Random Subspace
Classifier algorithm. In this study, machine learning models such as DT, RF,
and SVM were used to predict potential groundwater zones in the Birjand
Plain region, which represents an innovation in current research.

Method and Material

The present research method is analytical-descriptive and is based on the
defined applied objectives. All data processing processes were performed in
the Arc GIS and Google Earth Engine software environments, and
quantitative calculations and method development were performed in
Python.
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This study consists of five main steps: collecting groundwater observation well data in the study
area to define dependent variables, extracting spatial criteria that directly affect groundwater
potential to define independent variables, using the LSSVM algorithm to determine effective
criteria, predicting potential groundwater zones using machine learning approaches (SVM, RF,
DT), and evaluating and comparing the performance of machine learning methods.

Method and Material

The present research method is analytical-descriptive and is based on the defined applied
objectives. All data processing processes were performed in the Arc GIS and Google Earth Engine
software environments, and quantitative calculations and method development were performed in
Python.

This study consists of five main steps: collecting groundwater observation well data in the study
area to define dependent variables, extracting spatial criteria that directly affect groundwater
potential to define independent variables, using the LSSVM algorithm to determine effective
criteria, predicting potential groundwater zones using machine learning approaches (SVM, RF,
DT), and evaluating and comparing the performance of machine learning methods.

Case Study
The Birjand plain, which is part of the Lut Desert watershed, is located 485 kilometres south of
Mashhad in geographical coordinates and is located in the northern part of the Bageran Heights.
This area is limited by longitudes between 41°58' and 46°59' east and latitudes between 35°32" and
8°33' north (Fig 1).
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Fig 1. The location of South Khbrasan province and Birjand plain.

Methodology

In this research, 17 different criteria including hydrological, topographic, geological, and
environmental criteria such as precipitation, normalized difference vegetation index (NDVI),
topographic wetness index (TWI), stream power index (SPI), terrain ruggedness index (TRI),
topographic position index (TPI), digital elevation model (DEM), slope angle, flow accumulation,
slope aspect, surface curvature, distance to fault, distance to road, distance to a river, lithology, soil
texture, and land use were extracted to determine the groundwater potential in the study area.
Raster map criteria with 30-meter precision have been defined. SRTM satellite images with 30-
meter resolution are used to create the DEM layer. Then, slope angle, slope direction, and surface
curvature layers are generated based on the DEM layer. The land use layer of the study area was
extracted from Landsat 8 satellite images through the Google Earth Engine platform. Considering
the feature of Google Earth Engine that provides images in time series, 162 images were received
as an average in the second 6-month period of 1398 in this research, and image processing
operations were performed on them and the land uses of the study area were identified. The soil
texture map of the study area was extracted using Sentinel-2 optical images and Sentinel-1 radar
data at a scale of 1:250,000. Soil texture parameters are determined based on soil properties
(physical, chemical, and biological). The data related to groundwater wells in the Birjand plain,
including the number of wells, their location, and the groundwater level or water table in the
second half of 1398, were obtained from the South Khorasan Regional Water Company (Fig 2).



4.‘24'88 4579?6 483.1?5 ‘08’.)3 &‘JZ.JI
3
E ré
. :
g 4
g -
FE
8
i 4579;6 -‘8.\.";5 ﬂ)llﬂ‘.l.‘ E 5.\421’“
Areas Without Groundwater Extraction Potential / -
W .
. Areas With Groundwater Extraction Potential M
40 KM

| Biljand Plain 0 10 20

Fig 2. Classification of observation wells in Birjand Plain based on the average per capita

harvest of 0.5 litres per second.

In total, 37 groundwater wells were identified in the study area, which was randomly divided into
two parts: 70% for the training dataset and 30% for the validation dataset. This ratio between the
training dataset and the validation dataset is recommended by most researchers focused on
assessing the sensitivity of natural hazards. In the present study, a groundwater yield of 5/0 litres
per second was used as a threshold value for selecting groundwater.

Results

In this study, groundwater potential maps were predicted using RF, DT and SVM models and
using training and validation datasets. The predicted potential map was classified into five classes
using the natural break classification method, including very low potential, low potential, medium
potential, high potential and very high potential (Fig 3).
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Fig 3. The prediction map of the underground water potential of the study area is based

on the DT, RF & SVM models.



The validation and prediction capabilities of the developed hybrid models for predicting
groundwater potential were evaluated using the training and validation datasets in Table 1. Fig 4
also shows the ROC curve for the training and validation datasets of the DT, RF and SVM models.

Table 1. Comparison of performance of hybrid models using training and validation data

.sets
Models R? RMSE
SVM 0.81 1.205
DT 0.89 0.705
RF 0.86 1.055
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Fig 4. ROC curve and AUC value for the proposed research methods (a) training dataset
and (b) validation dataset.

Conclusion

The results of this study indicated that all 17 criteria used have significance greater than zero, and
therefore all were employed for constructing groundwater potential models. The effective selection
of these 17 criteria enhanced the prediction accuracy of groundwater potential by reducing noise
and overfitting for the training dataset. This outcome suggests that the chosen criteria are highly
suitable for predicting groundwater potential in the investigated area and might be beneficial in
similar regions.

The performance of the developed models was evaluated using standard statistical criteria (PPV,
NPV, SST, SPC, RMSE, and ROC). The analysis results revealed that all the newly developed
hybrid models possess good prediction capability. However, the DT model exhibited the best
performance in accurately predicting potential groundwater zones, followed by the RF and SVM
models for precise mapping of potential groundwater zones. This model can also be utilized in
other regions for accurate mapping and proper identification of potential groundwater zones,
which will contribute to effective groundwater management of an area.

Therefore, it can be concluded that the developed hybrid models based on spatial models and
machine learning techniques demonstrate a good capability for accurate groundwater potential
assessment of a region with minimal data.
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Fig 1- The location of South Khorasan province and Birjand plain
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Table 1. Geological groups and their related geological units.
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Fig 2. USDA classification to classify the soil type.
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