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The integration of Artificial Intelligence (Al) with Geospatial Multi-Criteria Evaluation is
essential in data processing automation and in predicting future trends. This study investigates
drought hazard and identifies groundwater yield zones in Nasarawa State, Nigeria. Nine
hydrogeological factors were analysed spatially by utilising data derived from remote sensing
and ancillary sources. The factors include a decadal 12-month Standardized Precipitation Index
(SPI-12), Groundwater Storage Anomaly (GWSA), Rainfall, lithology, lineament density,
drainage density, slope, aspect, and land use/land cover (LULC). Image processing and rose
diagram generation, which depict lineament orientations, were performed using R and Python
programming languages.The consistency ratio derived from the Analytical Hierarchy Process
(AHP) was 0.0197, indicating that the assigned weights and the matrix were significant and
coherent. The SPI-12 analysis for ten years revealed near-normal to mild drought conditions
across the state, with the eastern region experiencing more pronounced dry periods. The local
government areas most impacted by drought are Lafia and Awe, located in the eastern region of
the study area.The application of an AHP established GWSA as the primary driver of
groundwater yield with a weight of 38%. The AHP-generated map provided a generalized
overview, which indicates a low yield in the eastern part and a high yield in the northern part.
Artificial Intelligence (AI) was integrated to further enhance the groundwater yield AHP results;
the result obtained revealed more detailed and nuanced patterns that AHP could not identify.
Random Forest and Extreme Gradient Boosting (XGBoost) achieved accuracies of 99% and 98%
respectively, which indicates their strong performance in predicting groundwater yield. The
Precision-Recall and other graphs indicate the superior performance of Random Forest over
XGBoost. The XGBoost performed well but showed a high false positive rate of 61% for moderate
groundwater yield zones and missed an instance of high groundwater yield, unlike Random
Forest. The models identified Keffi, Kokona, and others as high groundwater yield zones, while
Toto, Awe, and others were classified as low groundwater yield zones.

Keywords: Drought, ground water yield, GeoAl, analytical hierarchy process, Geographic
Information System, remote sensing

Introduction

Groundwater refers to water beneath the earth's
surface within saturated zones, specifically in
layers of sand, gravel, and pore spaces of crystalline
and sedimentary rocks (Oseji & Ofomola, 2010). It
exists in the voids within a geological stratum,
making it a crucial natural resource for social
development, especially in regions where water
supplies are limited (Kordestani et al., 2019; Todd,
2004). Groundwater is stored in aquifer units and
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flows slowly across the subsurface geological
formations (Idowu & Ojo, 2024). In crystalline
Basement complex terrains, groundwater is located
in fractured and weathered basement formations
and partly in the transition zone between weathered
and fresh basement rocks (Oni et al.,
2020).Insufficient groundwater is among the
drivers of drought globally (Rex et al., 2024).
Drought is a climatic condition that adversely
affects ecosystems, water resources systems, and
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humans (Alam et al., 2013). It is a period of
prolonged dryness or continuous shortage of water
resulting from low rainfall or high temperature
(Chen et al., 2009; Sordo-Ward et al, 2017).
Drought is characterized by a temporary reduction
in water availability over an extended period. The
causes and consequences of drought are profound
and have been documented in numerous studies
(Orimoloye et al., 2021; Ayodele-Olajire, 2022).
For instance, the western and southwestern regions
of the United States (U.S.) have experienced severe
drought events since the early 2000s, primarily due
to below-normal precipitation (MacDonald, 2010;
Ayodele-Olajire & Bolin, 2019). Some of the
consequences of this was the triggering of 2015
widespread wildfires in the western U.S. and
Alaska, scarcity of water resources, and low
agriculture produce (Tanriverdi & Batmaz, 2025).
Drought is complex and has more consequences
than several other natural hazards, particularly in
semi-arid to arid regions, due to their gradual onset
and prolonged duration (Olabode et al., 2021;
Tanriverdi & Batmaz, 2025). Consequently, these
regions experience severe water shortages, making
groundwater a necessary alternative (Fenta et al.,
2015). Certain areas in the central and northern
Nigeria face persistent drought problem, and
attempts to access scarce groundwater has resulted
in numerous borehole failures, largely due to
inadequate prior information regarding the
hydrogeological conditions of those areas (Ezekiel
& Dominic, 2015; Alao et al., 2024).

Assessment of drought conditions in Nigeria
has been conducted out using the Standardized
Precipitation Index (SPI) and the Standardized
Evapotranspiration Index (SEI) (Ogunjo et al.,
2018; Ideki& Nwagbara, 2019; Obateru et al.,
2023). Drought indices are always used to
determine droughts, and the derived information
from these drought indices is used for designing
applications and planning (Sordo-Ward et al.,
2017). According to Adeaga (2010), the Sahel
savannah in Northern Nigeria is prone to extreme
drought, while the Sudan and Guinea savannahs
usually experience mild to moderate drought. In the
central part of Nigeria, drought vulnerability
assessment was carried out by Ideki and Nwagbara
(2019) using SPI and geospatial techniques. The
results indicate increasing trends of drought with
near normal to moderate conditions in Abuja,
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Ilorin, Lafia, and Lokoja; and moderate to severe
droughts in Minna and Jos. Obateru et al. (2023)
assessed drought conditions and rainfall trends in
southwestern Nigeria using 1984-2014 rainfall
dataset. Their results largely showed a cyclical SPI
pattern and indicated Ibadan and Oshogbo as the
driest and wettest stations, respectively. These
findings highlight the need for drought monitoring
as a water management strategy.

Groundwater is a dynamic resource influenced
by various environmental factors, including
drought, drainage patterns, land use and land cover
(LULC), geomorphology, lithology, topography,
slope, precipitation, soil characteristics, and
hydrological conditions (Pradhan 2009). Unlike
surface water, groundwater is less susceptible to
pollution; rather, it is significantly affected by
underlying geology, the intensity of chemical
weathering, recharge efficiency, groundwater
levels, and the origins of certain surface elements
(Yildirim 2021). The demand for groundwater in
North Central Nigeria is increasing due to the
combined effects of drought, rapid population
growth, and urbanization (Ezekiel & Dominic,
2015).

The integration of Artificial Intelligence (Al),
Remote Sensing (RS), and Geographic Information
System (GIS) tools presents a cost-effective,
efficient, and robust approach to mapping
groundwater yield zones (Manap et al., 2014;
Gerlach et al., 2022). The use of RS, geospatial
modeling, and Al in hydrologic studies varies based
on the specific question being asked, the scale of
the study in terms of space and time, and the type,
amount, and quality of the data available (Gerlach
et al., 2022; Ayodele-Olajire & Olusola, 2022).
Nevertheless, these tools excel in managing
extensive and complex datasets while providing
insights across various spatial and temporal
dimensions (Jha et al., 2007; Singh et al., 2019;
Afan et al., 2021). The use of GIS and Remote
Sensing, in conjunction with the Analytic
Hierarchy Process (AHP), proves beneficial for
investigating groundwater yield zones across
diverse geological contexts and demonstrates
effectiveness in defining these zones (Thapa et al.,
2017; Igwe et al., 2020). Many studies have
integrated different factors like geology, landforms,
lineament density, drainage density, and slope in a
GIS environment to find groundwater potential
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zones (Morea & Samanta, 2020; Ahmed et al.,
2021; Ajayi et al., 2022). Deciding how much
weight to give each factor is often based on expert
opinions or reviews of existing research, which can
be somewhat subjective (Ahmed et al., 2021) and
may yield incorrect results (Adesola et al., 2023).

The AHP method coupled with GIS is used in
identifying zones with groundwater potential by
examining how these factors interact with each
other. However, there is a lack of comparison
between AHP and Al groundwater potential results,
which can be useful in examining the accuracy and
dependability of AHP results. When addressing
decision-making cases, AHP aids in the
representation of problems by integrating several
criteria, while an order of importance is established
within the structure by pairwise comparison.
Nevertheless, AHP can exhibit inconsistencies in
its measurements and dependencies among element
groups (Ajayi et al., 2022). Thus, employing Al in
identifying groundwater recharge zones, and then
comparing these results with traditional AHP
results helps to eliminate expert bias, capture non-
linear relationships, and ensure model reliability.

Machine learning algorithms, a subset of Al,
have recently evolved in precise forecast modeling,
identifying detailed patterns, particularly irregular
data, and developing extremely accurate forecast
models (Olden et al., 2008). Al can detect subtle
patterns that may not be accurately detectable in
traditional methods. They have a more substantial
mastery of resolving complicated interactions due
to their advanced learning and decision-making
capabilities (Zaresefat et al., 2022). This study aims
to assess the spatio-temporal patterns of drought
hazard and delineate groundwater yield zones in
Nasarawa State, Nigeria, by comparing Artificial
Intelligence and Analytical Hierarchy Process
methods for robust decision-making.

Materials and Methods

Study Area

The study area, located in Nasarawa State in North
Central Nigeria between Longitude 6°32'30"'E to
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9°34'0"'E and Latitude 7°48°30" 'N to 9°49'30''N,
with a total area of approximately 27,117 km?
(Figure 1). This region is situated within the middle
Benue Trough, which refers to the central portion
of Nigeria’s Benue Trough. Nasarawa State is
bordered by Benue State to the south, Kaduna State
to the north, Taraba State to the east, and Abuja to
the west. Geological analysis indicates that about
60% of the area is characterized by Basement
complex rocks, while the remaining 40% comprises
sedimentary rocks associated with the Benue
Trough (Adewumi & Salako, 2017). The climate of
the research area is predominantly warm tropical,
featuring relatively high temperatures year-round,
with an average monthly temperature around
27.5°C; maximum daytime temperatures can vary
between 25 to 30°C, depending on seasonal
changes (Iloeje, 1981). The seasonal weather
pattern is marked by a prolonged wet season from
late March to July, interspersed with intense
rainfall, a brief dry season from late July to August,
followed by a short-wet season in September and
October, before the onset of the dry season in
November (Iloeje, 1981; Ifediegwu, 2022).
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Figure 1: Map of Nasarawa State showing the Local Government Area sand its location within Nigeria

Preparation of the Thematic Areas
The Landsat 8 imagery for December 27, 2024, and
the Digital Elevation Model (DEM) were both
obtained from the USGS Earth Explorer portal
(www.earthexplorer.usgs.gov). Additionally,
lithology data and population settlement data were
sourced from the ESRI and GRID3 websites,
respectively. For the Al and AHP models, nine
thematic layers were analyzed, including
Groundwater Storage Anomaly (GWSA), Rainfall,
Standard Precipitation Index (SPI), lineament
density, drainage density, slope, aspect, Land Use
Land Cover (LULC), and lithology datasets.

Lineaments were generated through the manual
digitization of a hillshade dataset derived from
Landsat data, focusing only on those of enough size
to minimize noise and prevent the introduction of
spurious features (Ajayi et al., 2022). The length of
each lineament, along with its coordinate endpoints
(X and Y), was calculated within ArcGIS Pro.
Additionally, a rose diagram illustrating the
orientation of these lineaments was created using
the Python programming language, and a line
density analysis was performed to derive the
Lineament density per square kilometer.

The fill function was applied to the Digital
Elevation Model (DEM) data to address sinks and
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peaks, effectively correcting minor imperfections
in the raster data (Ajayi et al., 2022; Boitt et al.,
2023). Following this, a flow direction map was
constructed utilizing the D8 method available in the
hydrology toolset of ArcToolbox, which was
executed on the filled raster. The flow accumulation
was then derived from the flow direction output.
Stream order analysis was subsequently conducted
using both the flow direction and accumulation
results. This analysis led to the stream to feature
assessment based on the “stream order” output. To
visualize the results, the stream to feature data was
converted to graduated symbols in Symbology,
with grid code selected as the associated value.
Finally, a line density analysis was performed on
the stream to feature results to determine the
drainage density, while the slope and aspect layers
were extracted by applying the respective tools to
the DEM data within ArcGIS Pro.

A composite raster was generated by utilizing
Blue, Green, Red, Near-Infrared (NIR), Shortwave
Infrared (SWIR) 1, Thermal, and SWIR 2 bands
from the Landsat imagery. For the supervised
classification process, the selected band
combination consisted of NIR, SWIR, and Red. In
this  classification, built-up regions were
represented in shades ranging from white to grey,
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while open spaces exhibited various tones of
brown. Water-covered areas were depicted in
bluish or blackish hues, and vegetative regions
appeared green. Training samples for the four
classes, including built-up areas, open spaces, water
bodies or wetlands, and vegetation zones, were
digitised from the composite raster and verified
using Google base map. The number of samples for
each category ranged from 74 to 170. These
training samples were employed to extract pixel
values from the composite image utilizing the R
programming language. Finally, the Random Forest
(RF) and Support Vector Machine (SVM)
algorithms were implemented in Python to generate
the Land Use Land Cover (LULC) map, achieving
an overall accuracy of 80% and 82% respectively.
The SVM result was used as the LULC layer for
further analysis due to its better accuracy.
Additionally, the lithology layer for the region was
sourced from ESRI, with a resolution resampled to
30 meters to align with the resolution of the other
raster data layers.

The launch of the Gravity Recovery and
Climate Experiment (GRACE) satellites in March
2002 made it possible to assess and analyze
groundwater storage (Rodell & Reager, 2023). The
Groundwater Storage Anomaly (GWSA) was
estimated using equation i.

GWSA = TW54 — SM5A — SWSA —
SWEA — CWSA

.. equation i

Where TWSA-total water storage anomaly, SMSA-
soil moisture surface anomaly, SWEA-surface

water storage anomaly, and CWSA-canopy water
storage anomaly (Ma et al., 2024). Google Earth
Engine (GEE) was used to analyze storage rasters
and generate the final mean GWSA output from
January 2024 to December 2024.

Rainfall and Standard Precipitation Index

This study used geospatial data techniques and the
Python programming language to obtain the mean
rainfall layer and to calculate long-term drought
impact using a 12-month standard precipitation
Index (SPI-12) for ten years (January 2014 —
December 2023). The monthly time series rainfall
data were downloaded from the Climate Hazards
Group InfraRed Precipitation with Station data
(CHIRPS) website
(https://data.chc.ucsb.edu/products/CHIRPS/v3.0/
monthly/africa/). The mean rainfall raster for the 10
years was calculated and represents the rainfall
layer used for further analysis. To obtain the SPI
layer, each monthly raster dataset was read, and
negative values were masked to avoid bias during
calculation. After which the rainfall raster data were
stacked into a 3-dimensional array using the
NumPy library in Python. For each pixel, the sum
of rainfall and accumulated rainfall fitted with a
gamma distribution was calculated for 12 months to
compute SPI-12 (Svoboda et al., 2012). The study
used a gamma distribution, which is a function of
probability density, to fit the long-term rainfall data
as described by Ogunrinde (2018). Extreme wet and
dry conditions were identified by SPI values greater
than 2 and less than -2, respectively (Table 1)
(Bordi et al., 2007).

Table 1: Weather Classification according to SPI Values

SPI values Classification
2.00 and above Extremely wet

1.50 - 1.99 Very wet
1.00 — 1.49 Moderately wet
-0.99 -0.99 Near Normal
-1.00 - -1.49 Moderately dry
-1.5--1.99 Severely dry
-2.00 - less Extremely dry

Analytical Hierarchy Process (AHP) Modeling

The Analytical Hierarchy Process (AHP),
introduced by Saaty in 1980, is frequently referred
to as the Saaty method (Saaty, 1980; Saaty, 1990;
Wang et al., 2008). This approach is a qualitative
traditional method that has been utilized in the

analysis of multi-criteria  decision-making
problems to derive solutions with greater accuracy.
By employing pairwise comparisons, AHP
facilitates the calculation of the relative importance
of various attributes, yielding a significance test for
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the features under consideration (Wang et al.,
2008).

The ranks for the nine thematic layers were
assigned based on Satty's scale (Table 2) with
expert knowledge based on the influence of each
layer on groundwater occurrence using the AHP
technique. To calculate the consistency vector (A),
the pair-wise comparison matrix values were
multiplied by normalized pair-wise matrix values of
the thematic layers using matrix multiplication
(Muralitharan and Palanivel, 2015).

A = Z(C;Xj) where A= Consistency vector.
Consisterrcy Index (CI) was calculated using the
following formula:

A T
cr =—2.. equation ii
n

where CI = Consistency Index, n = Number of
criteria used, RI= Random Consistency Index for 9
variables (Table 3). Consistency Ratio (CR) was
calculated using the following formula:

cI S
CR = 7+ cquation iii

A consistency ratio of <0.1 means the assigned
weights and the matrix were significant and
coherent (Saaty, 1990). All the thematic layers were
reclassified using the ArcGIS Pro. Finally, the
groundwater yield zones were identified by
integrating all the thematic layers using the
weighted overlay technique in the spatial analysis
tool. The result was classified into three classes,
namely: high, medium, and low groundwater yield
zones

Table 2: Saaty's 1-9 Scale of Pairwise Comparison Importance (Saaty, 1990)

Intensity of Importance Definition

Equal important

Somewhat more important

Much more important

Absolutely more important

4,6,8

1

3

5

7 Very much more important
9

2,

Intermediate values when a compromise is needed

Table 3: Saaty’s ratio index for different values of n (Saaty, 1990)

Order 1 2 3 4 5 6 7 8 9 10

RI 0 0 052 089 111 125 1.35 1.4 145 149
Artificial Intelligence (Machine Learning)  with very low groundwater accumulation and areas
Modeling highly affected by drought were labelled as “Low

Locations of known groundwater (borehole and
hand-dug wells) in Nasarawa were obtained from
previous studies (Kana et al., 2014; Obaje et al.,
2020; Cardiff University, n.d.). A total of 70
Training samples were extracted from these
locations. An established protocol for sourcing
training samples in regions with sparse in situ data
was followed (Nishimura et al, 2022).
Groundwater yield zones were categorized into
three classes based on borehole clustering density
as well as GWSA and SPI results. Clustered
borehole points were labelled as “High Yield”, the
non-clustered ones and hand-dug well locations
were labelled as “Moderate Yield”, while areas
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Yield” using the GWSA and SPI layers. R
programming was used for pixel extraction, while
Python was used for other preprocessing and
modeling. A total of 362 training samples were
obtained after pixel extraction from all nine layers.
The nine layers and the shapefile were projected to
UTM Zone 32N for area-based analysis. A 30-
meter spatial resolution was adopted, layers were
stacked into a multi-band array, and pixels
containing no data were identified and excluded
from the modelling. The training data was split into
70% and 30% for training and testing, respectively.
Random Forest and Extreme Gradient Boosting
(XGBoost) algorithms were trained using 100
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estimators. The models were evaluated based on an
independent testing set. Overall accuracy, feature
importance (as bar charts), confusion matrix,
classification result, and the final raster outputs
were generated from the algorithms.

Results

Slope and Aspect Thematic Layers

In the study area, slope values range from 0° to 74°,
with the majority of steep slopes located in the
northern region (Figure 2a). Furthermore, the
overall topography indicates a prevailing
inclination towards the northern and eastern aspects
(Figure 2b).

Lineament and Lineament Density Thematic
Layer

Hillshade raster was used to effectively extract
lineaments, due to its ability to enhance topographic
expressions (Figure 2c). Python programming
generated a Rose diagram of the study area,
indicating that the predominant orientations of the
lineaments are directed toward the northeastern
sector (Figure 2d). The lineament density values
observed in the study area range from 0 to 134
km/km?, with the highest densities, between 19 and
134 km/km?, predominantly located in the southern
and central regions (Figure 2e).
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Rose Diagram of Nasarawa Lineaments
0°

180°

0. 001 9.987
N 9.988 - 19.975
I 19.976 - 134.04

Figure 2(a): Aspect map showing the orientation of the slope. (b)Slope map showing the level of steepness.
(c)Manually digitized lineaments of the study area. (d)Rose diagram showing the orientation of the lineaments to the
NE of the study area. (e)Lineament density showing zones of high and low densities

Lithology and Land Use Land Cover Thematic  sedimentary rock, acid plutonics, and metamorphic
Layers rocks (Figure 3a). Unconsolidated sediments, such
In the study area, four distinct lithologies have been  as gravel, sand, and silt, are characterised by high
identified: unconsolidated sediment, siliciclastic =~ porosity and permeability, enabling efficient water

198




Drought Hazard Mapping and Groundwater Yield Enhancement

movement. Siliciclastic sedimentary rocks, which
originate from the fragmentation of pre-existing
rocks, include porous and permeable varieties such
as sandstone, shale, and siltstone. Conversely, acid
plutonics, exemplified by  granite, and
metamorphics, represented by gneiss, typically
exhibit lower porosity and permeability; however,
highly fractured metamorphics can develop
secondary porosity and permeability
enhancements.

Land use and land cover encompass both
natural and anthropogenic features present on the

Earth's surface. In the study area, open space
categories are the most dominant (41.87%),
followed by water bodies and wetlands (34.59%)),
vegetation (12.87%), and urbanized regions
(10.67%) (Figure 3b). Settlement areas are
primarily located in the northwestern and eastern
sections of the study area. Additionally, water
bodies and wetlands are prevalent in the southern
region of Nasarawa, which aligns with the course
of the Benue River and the various smaller rivers
feeding into it from different areas.

Lithology

W Acid Plutonics
B W Metamorphics

= Unconsolidated Sediment
W Siliciclastic Sedimentary Rock

:

T T T 1 T L3
Figure 3b: LULC map derived from support vector machine showing predominance of open spaces, followed by
water bodies and wetlands, vegetation, and built-up land use

Standard Precipitation Index and Drainage
Density Thematic Layers

T

T

In the study area, a notably high drainage density
pattern extends from the northern and western
regions towards the southern area, where the Benue
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River flows. Noteworthy rivers in Nasarawa State
include the River Mada, River Dep, River Inaji,
River Ahina, and River Farin Ruwa. Rivers Mada
and Dep primarily traverse from the central region
to the south, while River Farin Ruwa descends from
the southwestern area. In contrast, Rivers Inaji and
Ahina originate from the southeastern sector of the
study area. The majority of regions exhibiting the
highest drainage density levels are located in the
southern and central parts, with recorded values
exceeding 4550 km/km* (Figure 4a). For
groundwater assessment, it is observed that lower
drainage density corresponds to higher infiltration
rates (Lavanya &  Muthukumar, 2024).
Consequently, lower-density drainage is assigned a

higher rank, while higher-density drainage receives
a lower rank.

The SPI result generally shows that the drought
impact in Nasarawa over the ten years is near
normal or mild (between 0 to -0.99) (Figure 4b).
Locations with positive SPI values occur in the
northwestern and the southern regions of the study
area, which indicates greater than median
precipitation or wet conditions. Most of the areas
with negative SPI values are in the eastern part and
a few in the south western part of the study area,
indicating less than median precipitation or dry
conditions (drought).

Drainage Density
0.001 - 850.729
8§50.73 - 2,705.681
W 2,705,682 - 4,560,634
4,560,635 - 5,411.367

I -o.000155 - -0.000025
B 005024 - 6000007
I o.000008 - 0 o003z
I o-000m3: - 0006116

Standard Precipitation Index

Figure 4: (a) Drainage density map showing low and high zones of drainage in the study area. (b) SPI map showing

dry and wet areas of the study area

Rainfall and Groundwater Storage Anomaly

The result obtained for the mean rainfall layer is
presented in Figure 5. Areas that recorded high

rainfall over the past decade are in the northern and

central parts. Some parts of the eastern side and
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most of the southern part of the study area recorded
lower rainfall.

Similarly, the GWSA result in Figure 6 shows
that most of the northern part of the study area,
particularly the northeastern part, has high
groundwater accumulation. Although the negative
values suggest that in 2024, Nasarawa State faced a
challenge with declining groundwater levels. The
central and southern parts have a moderate
groundwater accumulation, while the eastern part
has a low groundwater accumulation. The low
groundwater accumulation recorded for the eastern
parts corroborates the rainfall and SPI results.
Likewise, the high groundwater accumulation in
the northeastern part corroborates the Rose diagram
results, which indicates that the lineaments are
oriented towards the northeastern part of the study
area.

Rainfall and Groundwater Storage Anomaly

The Analytic Hierarchy Process (AHP) was
employed to ascertain the relative importance of
each criterion, as detailed in section 3.1. The scale
of importance assigned to each criterion and the
calculated normalised weights are presented in
Tables 4 and 5. These criteria were subsequently
integrated using the weighted overlay tool within
the ArcGIS environment to generate the
groundwater yield zones map for the study area.
The weights determined through AHP calculations

were: 4% for land use/land cover (LULC), 4% for
slope, 4% for lithology, 4% for aspect, 4% for
drainage density, 7% for the Standard Precipitation
Index (SPI), 11% for lineament density, 24% for
rainfall, and 38% for GWSA (Figure 7). The
calculated consistency index (CI) was 0.0286, and
using a random consistency index of 1.45 for the
nine variables, the resulting consistency ratio was
found to be 0.0197, indicating that the assigned
weights and the matrix were both significant and
coherent.

The analysis of the weighted overlay output
indicates that the study area generally has a
moderate groundwater yield. Most of the northern
region and some parts of the central region exhibit
high groundwater yield. In contrast, a considerable
portion of the eastern region is characterised by low
groundwater yield. An overlay of population points
reveals settlements that correspond to the varying
groundwater yield zones. Specifically, Local
Government Areas (LGAs) that fall within the low
groundwater yield zones include Awe and minor
parts of Lafia (e.g., Arikya locality), Doma (e.g.,
Akpanaja locality), and Nasarawa (e.g., Loko
locality) (Figure 8). Furthermore, the high
groundwater yield zones are Nasarawa Egon,
Akwanga, Karu, Wamba, Lafia, and some parts of
Obi, Keana, Kokona, Nasara, and Doma.

Rainfall (mm)

Iw:a??

a0 Kkm

B 51,0824

*

Figure 5: Average rainfall from 2014-2024 showing high and low rainfall patterns in the study area
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Groundwater Storage Anomal

Figure 6: GWSA map showing patterns of groundwater

Analytical Hierarchy Process and
Weighted Overlay Tool

The Analytic Hierarchy Process (AHP) was
employed to ascertain the relative importance of
each criterion, as detailed in section 3.1. The scale
of importance assigned to each criterion and the
calculated normalised weights are presented in
Tables 4 and 5. These criteria were subsequently
integrated using the weighted overlay tool within
the ArcGIS environment to generate the
groundwater yield zones map for the study area.
The weights determined through AHP calculations
were as follows: 38% for GWSA, 24% for rainfall,
4% for drainage density, 7% for the Standard
Precipitation Index (SPI), 11% for lineament
density, 4% for land use/land cover (LULC), 4% for
slope, 4% for lithology, and 4% for aspect (Figure
7). The calculated consistency index (CI) was
0.0286, and using a random consistency index of
1.45 for the nine variables, the resulting consistency

(AHP)

acc

&

umulation (storage) in the study area

ratio was found to be 0.0197, indicating that the
assigned weights and the matrix were both
significant and coherent.

The analysis of the weighted overlay output
indicates that the study area generally has a
moderate groundwater yield. Most of the northern
region and some parts of the central region exhibit
high groundwater yield. In contrast, a considerable
portion of the eastern region is characterised by low
groundwater yield. An overlay of population points
reveals settlements that correspond to the varying
groundwater yield zones. Specifically, Local
Government Areas (LGAs) that fall within the low
groundwater yield zones include Awe and minor
parts of Lafia (e.g., Arikya locality), Doma (e.g.,
Akpanaja locality), and Nasarawa (e.g., Loko
locality) (Figure 8). Furthermore, the high
groundwater yield zones are Nasarawa Egon,
Akwanga, Karu, Wamba, Lafia, and some parts of
Obi, Keana, Kokona, Nasara, and Doma.

Table 4: Pairwise comparison matrix of influencing factors

Factors Drainage  Standard Lineament
Density Precipitation
Index
Drainage 1 0.5 0.33
Density
Standard 2 1 0.5
Precipitation
Index
Lineament 3 2 1
LULC 1 0.5 0.33

LULC Slope Lithology Aspect Rainfall GWSA
1 1 1 1 0.2 0.1429
2 2 2 2 0.25 0.1667
3 3 3 3 0.2 0.2

1 1 1 1 0.2 0.1429
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Slope 1 0.5 0.33 1 1 1 1 0.2 0.1429
Lithology 1 0.5 0.33 1 1 1 1 0.2 0.1429
Aspect 1 0.5 0.33 1 1 1 1 0.2 0.1429
Rainfall 5 4 5 5 5 5 5 1 0.33
GWSA 7 6 5 7 7 7 7 3 1
Table 5: Normalized relative weight of influencing factors
Factors Drainage  Standard Lineament  LULC Slope Lithology Aspect Rainfall GWSA
Density Precipitation
Index

Drainage 0.05 0.03 0.03 0.05 0.05 0.05 0.05 0.04 0.06
Density
Standard 0.09 0.06 0.04 0.09 0.09 0.09 0.09 0.05 0.07
Precipitation
Index
Lineament 0.14 0.13 0.08 0.14 0.14 0.14 0.14 0.04 0.08
LULC 0.05 0.03 0.03 0.05 0.05 0.05 0.05 0.04 0.06
Slope 0.05 0.03 0.03 0.05 0.05 0.05 0.05 0.04 0.06
Lithology 0.05 0.03 0.03 0.05 0.05 0.05 0.05 0.04 0.06
Aspect 0.05 0.03 0.03 0.05 0.05 0.05 0.05 0.04 0.06
Rainfall 0.23 0.26 0.38 0.23 0.23 0.23 0.23 0.18 0.14
GWSA 0.32 0.39 0.38 0.32 0.32 0.32 0.32 0.55 0.41
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Figure 7: Bar chart showing the percentages assigned to each of the criterion (variables) based on AHP calculations
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Figure 8: Weighted overlay map from AHP modeling showing low, moderate, and high groundwater yield zones and

settlement points that coincide with these zones.

Artificial Intelligence (Machine Learning-
Random Forest and Extreme Gradient Boosting)
The results from the Random Forest and XGBoost
algorithms are presented in Figures 9, 10, 11, 12a,
and b. XGBoost and Random Forest have an overall
accuracy of 98% and 99% respectively. The
confusion matrices of the models show that both
models performed well due to their accurate
predictions of the low, moderate, and high
groundwater yield classes (Figure 9). A total of 72
and 31 instances of low and moderate groundwater
yield were correctly predicted as low and moderate
by both models. They both incorrectly classified a
moderate instance as low. Random Forest classified
all instances correctly as high, while XGBoost
classified 4 out of 5 instances as high. Overall,
Random Forest performed slightly better than
XGBoost in correctly identifying all high
groundwater yield zones.

The predicted probability histograms revealed
that both models exhibit high confidence levels for
a large majority of the test samples (Figure 10).
XGBoost shows a slightly higher frequency (100
instances) compared to Random Forest (98
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instances). The Precision-Recall (PR) curve shows
that the green line (high groundwater yield class)
extends from 1.0 (100%) precision horizontally
until it reaches and drops down to 100% recall
(Figure 11), which indicates that both models
performed well in predicting the high groundwater
class. Random forest maintained a high precision of
0.76 (76%) for the moderate class (pink line) while
XGBoost dropped to 0.4 (40%), which indicates
that XGBoost included a higher number of false
positives for the moderate class. The Receiver
Operating Characteristic (ROC) graph shows that
Random Forest demonstrates a  superior
performance over XGBoost with 100% in all three
classes (Figure 12). For example, the graph shows
that Random Forest incurred a small false positive
rate for the moderate class at 12% while that of
XGBoost was 61%.

The XGBoost model assigned the highest
feature importance to the SPI (51%) (Figure 13).
This is followed by GWSA (18%), rainfall (9%),
drainage density (8%), lineament density (7%),
lithology (3%), LULC (2%), aspect (2%), and slope
(1%). In contrast, the Random Forest model
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assigned the highest feature importance to the  15aandb). Both models agree that Karu, Keffi, and
Rainfall (32%) (Figure 14). This is followed by SPI ~ Kokona LGAs are the most dominated by high
(22%), GWSA (18%), lineament density (10%),  groundwater yield zones. In contrast, the XGBoost
drainage density (10%), LULC (3%), slope (2%),  model shows an occurrence of a low groundwater
lithology (1%), and aspect (1%). The final maps  yield pattern in Obi and Keana LGAs (Figure 15a),
from both models display similar groundwater  which is absent in the Random Forest result (Figure
yield patterns, with few notable differences (Figure 15b).

Confusion Matrix: Random Forest Confusion Matrix: XGBoost
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Figure 9: Diagram showing confusion matrices of Random Forest and XGBoost models. Random Forest has a slight
edge over XGBoost by correctly predicting all high groundwater yield zones
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Figure 10: Histogram showing that both Random Forest and XGBoost exhibit a high concentration of predicted
probabilities at the maximum confidence (at or close to 100%)
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Precision-Recall Curve - Random Forest (One-vs-Rest)

Precision-Recall Curve - XGBoost (One-vs-Rest)
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little or no false positives and false negatives in their predictions, respectively

ROC Curve - Random Forest (One-vs-Rest)
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The result shows that Random Forest is a better classifier in identifying the different groundwater yield classes
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1The Class 2 XGBoost curve in Figure 11 appears to have been approximated to 1.00 since it wrongly predicted an instance of
high groundwater yield to be moderate yield in the confusion matrix.
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Figure 13: Feature importance from XGBoost modeling indicates SPI to be the most relevant and slope to be the least
relevant
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Figure 14: Feature importance from Random Forest modeling indicating Rainfall to be the most relevant and Aspect
to be the least relevant
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Figure 15a: Map from Extreme gradient (XGBoost) model showing low, moderate, and high groundwater yield
patterns
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Figure 15b: Map from Random Forest models showing low, moderate, and high groundwater yield patterns. There
are a few identifiable differences, some of which include the occurrence of a low groundwater yield pattern in Obi
and Keana for the XGBoost result, but absent in the Random Forest result

Discussion and Conclusion

A comprehensive assessment of groundwater yield
in the study area was conducted by integrating
various geographic parameters for a hybrid
approach using the Analytical Hierarchy Process
(AHP) and Artificial Intelligence (AI) modeling.
This aligns with recent progress in artificial
intelligence and the development of hybrid GIS-AI
frameworks for intricate hydrogeological mapping,
as they offer advantages over traditional single-
model approaches (Gacu et al., 2025). This also
supports robust decision-making in delineating
groundwater yield zones in Nasarawa State,
Nigeria.

The slope parameter determines the steepness
or gentleness of terrain, which in turn influences the
rate of water infiltration into the subsurface. The
southern and eastern regions of the study area,
characterised by low slope values, indicate high
infiltration. While other areas with steep slopes tend
to generate greater runoff, resulting in reduced
infiltration and diminished groundwater yield
(Boitt et al., 2023). These results align with
research conducted in the crystalline basement
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complex of Southwestern Nigeria, showing that
slope plays a key role in how groundwater recharge
is distributed across the area (Fashae et al., 2013).
The lineament structures are also crucial in
delineating groundwater yield zones. These
structures serve as pathways for groundwater
movement. An increase in lineament density results
in increased porosity and favorable groundwater
prospect zones (Obi Reddy et al., 2000). The
orientation of the lineaments to the northeast
implies that the overall groundwater flow direction
and the structural influences on aquifer systems are
also aligned to the northeast. Consequently, zones
with elevated lineament density in the southern and
central regions are regarded as favorable locations
for groundwater storage due to their high
infiltration rates (Gupta et al., 2010).

Lithology plays a significant role in
determining the porosity and permeability of
aquifer rocks (Rahmati et al., 2015). Siliciclastic
and unconsolidated lithologies identified in the
study area are indicative of the presence of
groundwater due to their capacity to facilitate the
percolation of surface water (Adelana et al., 2008;
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Ige et al., 2021; Ajayi et al., 2022). This supports
local hydrogeological studies indicate that the
sedimentary formations in the Middle Benue
Trough are more productive than the crystalline
rocks found in the northern region, which are less
permeable (Obrike et al., 2022). Vegetated land
plays a crucial role in groundwater recharge by
providing pathways for water infiltration,
effectively loosening the rock and soil (Shaban et
al., 2006). Globally, changes in land use and land
cover (LULC) significantly influence groundwater
recharge rates (Locke, 2024). Particularly, Forests
and vegetation play a crucial role by enhancing
natural infiltration processes (Kumari Yadav, 2023;
Locke, 2024). Drainage density classification plays
a crucial role in understanding the ecosystem of
streams and rivers (McManamay & DeRolph,
2019).

Based on the drought analysis and assessment,
Nasarawa State has a near-normal drought
classification. This result is consistent with Ideki
and Nwagbara's (2019) findings, which indicate
that Lafia, the state capital of Nasarawa, has a near-
normal condition. Additionally, it aligns with
Adeaga's (2010) results, which conclude that the
Guinea Savanna region in Nigeria typically
experiences mild drought. Areas in the eastern and
small portions of the north and southwestern areas
have regularly experienced drought conditions.

Areas that recorded high rainfall over the past
decade are in the northern and central parts of the
study area which corroborates the drought results.
Some parts of the eastern side (e.g., Lafia and Awe
LGAs) and most of the southern part recorded
lower rainfall. This indicates that there is a high
chance of high groundwater yield in the northern
and central parts compared to other parts of the
study area.

The qualitative AHP method determined
feature importance through pairwise comparisons
based on our tacit knowledge of groundwater yield.
The results show a general pattern of low,
moderate, and high groundwater yield across the
study area. The northern and some parts of the
central regions were classified as zones of high
groundwater yield, while the eastern side was
identified as low potential.

Conversely, the Al models (Random Forest and
XGBoost) provided more detailed, data-driven
results, revealing subtle and distinct patterns that
the AHP could not detect. Both models achieved
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high accuracies of 99% and 98%, respectively,
indicating their strong predictive capabilities.
XGBoost tends to be more extreme in probability
assignment by pushing a slightly higher number of
instances to 100% certainty. The high accuracy
from the Random Forest analysis in this study align
with global standards which shows that ensemble
machine learning often surpasses traditional
methods when it comes to predicting groundwater
occurrences (Feng et al., 2024). The PR and ROC
curves demonstrate the superior performance of
Random Forest over XGBoost. Although XGBoost
performed well, it showed a high false positive rate
of 61% for moderate groundwater yield zones and
failed to identify some high-yield areas that
Random Forest detected. The two models identified
different primary drivers of groundwater yield in
the study area: XGBoost prioritised SPI at 51%,
while Random Forest prioritised rainfall at 32%.
This suggests that the internal mechanisms of the
models (how their decision trees make predictions)
prioritize different geospatial factors. Both models
indicates that Karu, Keffi, and Kokona LGAs are
the most dominated by high groundwater yield
zones while Toto and Awe LGAs are mostly
affected by low groundwater yield. The XGBoost
model extended the prediction to show an
occurrence of low groundwater yield pattern in Obi
and Keana LGAs.

In conclusion, AHP provided a foundational
framework for evaluating groundwater yield, while
Al enhanced the analysis. Al delivered precise,
data-validated performance metrics and uncovered
complex spatial variations and relationships among
features. The Al models, which supported some
findings from AHP, identified Keffi, Kokona, the
central and southern parts of Karu, the southern part
of Akwanga, and Nasarawa Egon as LGAs with
high groundwater yield. Conversely, LGAs with
low yield include Toto, Awe, the southeastern part
of Nasarawa Egon, north of Karu, north of
Akwanga, both north and south of Wamba, and the
north of Lafia. Identifying low-yield areas provides
clear guidance for targeted interventions and
adaptive water management strategies to ensure
equitable access and sustainable water resource use
across the state.
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