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Abstract  
Climate change exerts profound effects on soil geotechnical properties, with significant 

implications for infrastructure resilience in regions prone to climatic extremes. This study 

evaluates the impact of climate variability on soil mechanical behavior in Bauchi 

Metropolis, Nigeria, over a 30-year period (1990–2020). Historical climate datasets were 

integrated with laboratory geotechnical analyses of 20 systematically selected sites, 

encompassing compaction characteristics, Atterberg limits, California Bearing Ratio 

(CBR), and shear strength. Statistical correlation analysis revealed strong negative 

relationships between rainfall and both maximum dry density (MDD; r = −0.76) and CBR 

(r = −0.67), while temperature exhibited a moderate positive correlation with plasticity 

index (PI; r = +0.54). Predictive modeling using Support Vector Machine (SVM) regression 

achieved high accuracy (R² = 0.91 for CBR, 0.89 for MDD, and 0.82 for PI), validating its 

suitability for climate–soil interaction forecasting. Geographic Information Systems (GIS) 

spatial analysis identified high-risk zones, notably Jahun, Dutsen Tanshi, and Nassarawa, 

where PI exceeded 20%, CBR fell below 10%, and MDD remained under 1.80 g/cm³, 

indicating heightened vulnerability to infrastructure failure. Conversely, Old GRA and 

Yakubu Wanka demonstrated favorable soil performance. The study further introduced a 

Geotechnical Response Index (GRI) integrating Intergovernmental Panel on Climate 

Change (IPCC) Representative Concentration Pathways (RCPs) with soil performance 

metrics, revealing projected increases in geotechnical stress from 0.62 (RCP 4.5) to 0.83 

(RCP 8.5). Findings underscore the critical need for climate-adaptive geotechnical designs 

and localized predictive frameworks. This research offers a replicable methodology for 
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Introduction 
Global Context 

Climate change is altering the physical, 

chemical, and mechanical behavior of soils 

worldwide, posing escalating challenges to 

infrastructure design, agricultural 

productivity, and environmental 

sustainability. Over the past century, the 

global mean surface temperature has risen by 

approximately 1.1 °C, (IPCC, 2021; NOAA, 

2020) with the rate of warming accelerating 

in recent decades. Concurrently, precipitation 

regimes have shifted toward increased 

extremes—prolonged droughts in some 

regions and intense rainfall events in 

others—leading to hydrological instability 

and changes in soil moisture regimes. These 

climate-induced alterations influence key 

geotechnical parameters such as maximum 

dry density (MDD), California Bearing Ratio 

(CBR), shear strength, and plasticity, which 

in turn dictate the performance and durability 

of foundations, embankments, and 

pavements. 

The Intergovernmental Panel on Climate 

Change (IPCC) projects that without 

significant mitigation, Representative 

Concentration Pathway (RCP) 8.5 could 

result in global mean temperature increases 

exceeding 4 °C by 2100 (Collins et al., 2013; 

IPCC, 2021), intensifying soil degradation 

processes including shrink–swell cycles, 

erosion, and loss of organic matter. In 

geotechnical engineering, these processes 

manifest as structural settlement, slope 

instability, reduced bearing capacity, and 

increased maintenance demands. 

 

Regional and Nigerian Perspective 

Sub-Saharan Africa is particularly vulnerable 

to climate-induced soil degradation due to its 

high dependence on climate-sensitive 

sectors, limited adaptive capacity, and 

significant exposure to extreme weather 

events. Nigeria, spanning diverse climatic 

zones from humid coastal regions to arid 

northern zones, is experiencing both 

increased mean annual temperatures and 

more erratic precipitation patterns. Recent 

studies indicate that climate change is 

contributing to higher soil shrink–swell 

activity in clay-rich areas, increased erosion 

in agricultural lands, and reduced 

performance of unpaved and paved road 

networks. 

 In the northern Nigerian context, where 

Bauchi Metropolis is located, semi-arid to 

tropical savannah conditions prevail, 

characterized by a pronounced wet season 

(May–October) and a long dry season 

(November–April), (Niang et al., 2014; FAO, 

2017). Over the past three decades, the region 

has seen an approximate 1.6 °C temperature 

rise and a 165 mm decline in annual rainfall. 

integrating climatic projections, machine learning, and geospatial risk mapping to inform 

sustainable urban infrastructure development in semi-arid regions. 

 

Keywords: Climate change, Geotechnical properties, Support Vector Machine, GIS risk 

mapping, Bauchi Metropolis, Infrastructure resilience. 
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Such shifts have implications not only for agricultural productivity but also for the stability of 

critical infrastructure (NiMet, 2020; Adeyemi & Oyediran, 2016). 

 

Knowledge Gap and Study Justification 

Despite an increasing number of studies on climate change impacts in Nigeria, there remains 

a paucity of localized, data-driven assessments linking long-term climatic trends with 

measured geotechnical properties. Existing works often rely on broad regional datasets, failing 

to capture spatial variability within urban areas such as Bauchi Metropolis. Furthermore, few 

studies integrate statistical correlation, advanced machine learning algorithms, and geospatial 

analysis to produce predictive risk maps that are directly applicable to urban planning and 

engineering design. 

 

This research addresses these gaps by: 

1. Combining three decades of high-resolution climate data with laboratory-tested 

geotechnical parameters from 20 strategically distributed sites. 

2. Applying Support Vector Machine (SVM) regression to model climate–soil 

relationships and predict future geotechnical performance under different climate 

scenarios. 

3. Utilizing Geographic Information Systems (GIS) to spatially identify high-risk zones 

for infrastructure vulnerability. 

4. Developing a Geotechnical Response Index (GRI) as a composite indicator of soil 

performance under projected climate conditions. 

 

Research Objectives 

The primary aim of this study is to evaluate and predict the influence of climate change on the 

geotechnical properties of soils in Bauchi Metropolis, with specific objectives to: 

• Quantify historical climate trends (temperature and rainfall) over 1990–2020 and 

correlate them with laboratory-measured soil properties. 

• Develop predictive SVM models for MDD, CBR, and PI based on climate variables. 

• Generate GIS-based geotechnical risk maps for targeted adaptation planning. 

• Propose engineering and policy recommendations for climate-resilient urban 

infrastructure. 

 

Novelty and Contribution 

This study is among the first in Nigeria to integrate climatic datasets, geotechnical testing, 

machine learning, and spatial analysis into a unified framework for infrastructure risk 

assessment. The introduction of the GRI provides a quantitative measure for comparing soil 

performance under multiple IPCC climate scenarios, offering a tool that can be replicated in 

other semi-arid cities. Furthermore, by identifying micro-level geotechnical vulnerabilities, 
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this research provides actionable intelligence for urban planners, civil engineers, and 

policymakers tasked with climate adaptation. 

 

Table 1. Summary of Previous Studies on Climate Change and Soil Geotechnical 

Properties 

Author(s) 

& Year 

Study 

Location 

Climate 

Change 

Variables 

Considered 

Geotechnical 

Properties 

Investigated 

Methodology 

/ Tools 

Key 

Findings 

Identified 

Gaps 

Vahedifard 

et al., 2022 

Global 

review 

Temperature, 

rainfall 

variability, 

extreme 

events 

MDD, shear 

strength, slope 

stability 

Literature 

synthesis, 

theoretical 

modelling 

Increased 

rainfall 

reduces 

MDD and 

shear 

strength; 

temperature 

rise 

accelerates 

shrink–swell 

cycles 

Lacked 

localized 

case studies 

in semi-arid 

urban 

regions 

Andersson-

Sköld et al., 

2019 

Europe Temperature 

rise, 

precipitation 

intensity 

Plasticity, 

compressibility 

Laboratory 

analysis, 

climate 

projections 

Temperature 

rise 

increases PI; 

wetter soils 

have higher 

settlement 

potential 

No machine 

learning 

integration 

Adebayo et 

al., 2021 

Nigeria 

(Middle 

Belt) 

Seasonal 

rainfall 

variation 

Shrink–swell 

potential, 

bearing 

capacity 

Field 

sampling, 

Atterberg 

limits, CBR 

tests 

Expansive 

clay soils 

show 

increased PI 

and reduced 

CBR during 

wet season 

Short-term 

study; no 

predictive 

modelling 

Uzoegbu, 

2020 

Nigeria 

(North) 

Rainfall 

variability, 

drought 

Road 

pavement 

performance, 

CBR 

Pavement 

condition 

surveys, 

rainfall 

analysis 

Reduced 

pavement 

lifespan in 

high-rainfall 

variability 

zones 

Did not 

quantify soil 

property 

changes 

Adeyemi et 

al., 2021 

Sub-

Saharan 

Africa 

Temperature 

and rainfall 

trends 

Soil organic 

matter, 

structural 

stability 

Remote 

sensing, soil 

sampling 

Rainfall 

reduction 

and 

warming 

accelerate 

degradation 

of sandy 

soils 

No 

geotechnical 

modelling 

applied 
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Author(s) 

& Year 

Study 

Location 

Climate 

Change 

Variables 

Considered 

Geotechnical 

Properties 

Investigated 

Methodology 

/ Tools 

Key 

Findings 

Identified 

Gaps 

Li et al., 

2022 

China Projected 

temperature 

and rainfall 

changes 

Bearing 

capacity, PI, 

shear strength 

Climate 

model 

integration 

with 

geotechnical 

tests 

Predicted 

bearing 

capacity loss 

of up to 20% 

by 2100 

under RCP 

8.5 

Focused on 

temperate 

climate, not 

semi-arid 

Hassan et 

al., 2023 

Nigeria 

(Urban) 

Rainfall, 

temperature 

CBR, MDD, PI Support 

Vector 

Machine 

(SVM) 

modelling 

High model 

accuracy (R² 

> 0.85) for 

predicting 

soil 

properties 

Limited 

spatial risk 

mapping 

Patel & 

Gupta, 

2022 

India 

(Landslide-

prone 

areas) 

Rainfall 

intensity, 

seasonal 

distribution 

Shear strength, 

slope stability 

Climate 

projection + 

slope stability 

models 

Rainfall 

increase 

raises pore 

water 

pressure and 

failure risk 

Did not 

address 

urban 

infrastructure 

soils 

Note: 

• MDD = Maximum Dry Density; PI = Plasticity Index; CBR = California Bearing 

Ratio; RCP = Representative Concentration Pathway. 

• Sources adapted from thesis literature review and international references. 

 

Overview 

The relationship between climate change and soil geotechnical properties has emerged as a 

critical research area at the intersection of climate science, geotechnical engineering, and 

infrastructure resilience. Soils are dynamic systems whose physical, chemical, and mechanical 

properties are sensitive to variations in temperature, precipitation, and hydrological cycles. 

Alterations in these climatic drivers can significantly modify soil behavior, influencing load-

bearing capacity, shear strength, settlement potential, and susceptibility to erosion. 

Understanding these changes is essential for the design of climate-resilient infrastructure and 

the sustainable management of land resources. 

 

Climate Change: Indicators and Relevance to Geotechnics 

The Intergovernmental Panel on Climate Change (IPCC) identifies temperature rise, 

precipitation variability, sea-level rise, and the increased frequency of extreme weather events 

as primary indicators of anthropogenic climate change. 

• Temperature Rise: Global mean surface temperatures have increased by 

approximately 1.1 °C since pre-industrial levels, with more pronounced warming in 
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tropical and arid regions. Elevated soil temperatures accelerate moisture loss, affect 

soil suction, and alter thermal regimes critical for soil stability. 

• Precipitation Variability: Shifts toward more intense but less frequent rainfall events 

affect soil moisture regimes, promoting shrink–swell cycles in expansive soils and 

increasing erosion in poorly vegetated terrains. 

• Sea-Level Rise: While less directly relevant to inland regions like Bauchi, coastal 

analogues indicate that rising groundwater levels can reduce effective stress and 

bearing capacity in foundation soils. 

• Extreme Weather Events: More frequent droughts, heatwaves, and intense storms 

contribute to rapid cycles of wetting and drying, destabilizing soil structures. 

 

Table 2. Climate Change Indicators and Associated Soil Geotechnical Responses 

Climate 

Change 

Indicator 

Mechanism of Influence 

on Soil 

Geotechnical 

Properties 

Affected 

Typical Observed 

Responses 

Key 

References 

Temperature 

Rise 

Increases 

evapotranspiration; alters 

soil suction and pore water 

pressure; accelerates 

mineral weathering 

Plasticity Index 

(PI), shrink–swell 

potential, shear 

strength 

Higher PI in clay 

soils; increased 

shrinkage cracks; 

reduced shear 

strength due to lower 

matric suction 

Vahedifard et 

al., 2022; 

Andersson-

Sköld et al., 

2019 

Rainfall 

Variability & 

Intensity 

Rapid wetting–drying 

cycles; infiltration variation; 

erosion processes 

MDD, CBR, 

permeability, 

cohesion 

Reduced MDD and 

CBR in saturated 

soils; increased 

erosion risk; higher 

permeability from 

aggregate breakdown 

Adebayo et 

al., 2021; 

Adeyemi et 

al., 2021 

Prolonged 

Drought 

Soil desiccation; organic 

matter oxidation; reduced 

vegetation cover 

PI, cohesion, 

tensile strength 

Increased brittleness; 

loss of cohesion; 

deeper desiccation 

cracks 

Uzoegbu, 

2020; Li et al., 

2022 

Sea-Level Rise 

& 

Groundwater 

Change 

Alters groundwater table; 

saltwater intrusion in coastal 

zones 

Bearing capacity, 

dispersion 

potential 

Lower bearing 

capacity; increased 

soil dispersion; 

chemical alteration of 

clay minerals 

Chen et al., 

2021; Zhang 

& Li, 2023 

Extreme 

Weather 

Events 

(Floods, 

Storms) 

Rapid loading–unloading 

cycles; slope destabilization 

Shear strength, 

slope stability, 

permeability 

Increased landslide 

incidence; reduced 

stability of 

embankments; 

sudden permeability 

change 

Patel & Gupta, 

2022; 

Thompson et 

al., 2023 

Freeze–Thaw 

Cycles (cold 

regions) 

Expansion/contraction from 

ice lens formation 

Cohesion, 

compressibility, 

frost susceptibility 

Reduced cohesion; 

heaving; settlement 

after thawing 

Chang, 2022; 

Hwang & 

Park, 2021 

Note: 
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• MDD = Maximum Dry Density; PI = Plasticity Index; CBR = California Bearing 

Ratio. 

• Mechanisms and responses are generalized; local soil mineralogy and structure may 

alter the magnitude of effects. 

 

Global Evidence of Climate-Induced Geotechnical Changes 

Research globally has demonstrated that climate change affects multiple geotechnical 

parameters: 

• Maximum Dry Density (MDD) tends to decline with increased rainfall due to higher 

natural moisture content and reduced compaction efficiency (Vahedifard et al., 2022; 

Cofie et al., 2005). 

• California Bearing Ratio (CBR) decreases in wetter climates due to reduced matric 

suction, particularly in fine-grained soils. 

• Plasticity Index (PI) increases with temperature-induced mineralogical changes in 

clays, enhancing shrink–swell potential (Andersson-Sköld et al., 2019; Jones et al., 

2012). 

• Shear Strength is influenced by both moisture content and microstructural 

degradation in soils subjected to repeated thermal and hydrological stresses (Fredlund 

& Rahardjo, 1993; Kim et al., 2016). 

 

These effects are particularly acute in semi-arid regions, where soils alternate between 

desiccation and saturation, causing significant volumetric instability. 

 

African and Nigerian Context 

African soils, especially in the Sahel–Savannah transition zone, are highly susceptible to 

climate-driven degradation due to low organic matter content, poor structural stability, and 

exposure to extreme climatic variability (Adeyemi et al., 2021; Diop et al., 2020). 

In Nigeria, studies have documented: 

• A northward shift of isohyets, resulting in reduced rainfall in the northern states and 

increased flood events in the south (Adeyemi et al., 2021). 

• Increased shrink–swell behavior in expansive soils of the middle belt, leading to 

foundation distress (Adebayo et al., 2021). 

• Declines in road pavement performance in the north due to a combination of high 

diurnal temperature ranges and seasonal rainfall erosion (Uzoegbu, 2020). 

 

However, most Nigerian studies remain regional or qualitative, lacking detailed site-

specific correlations between long-term climate records and measured geotechnical 

parameters (Uzoegbu, 2020; Akpan & Akpan, 2019). 

 

Climate–Soil Interaction Mechanisms 

The mechanisms through which climate change affects geotechnical properties include: 
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1. Moisture Regime Alteration: Variations in rainfall and evapotranspiration modify 

matric suction, directly impacting shear strength and bearing capacity. 

2. Thermal Effects: Temperature changes alter viscosity of pore water, influence 

mineral weathering, and affect freeze–thaw cycles in temperate zones. 

3. Soil Structure Degradation: Increased rainfall intensity can break down soil 

aggregates, leading to reduced permeability and increased erosion susceptibility. 

4. Chemical Alterations: In semi-arid regions, leaching and salt precipitation due to 

fluctuating moisture regimes can alter clay mineralogy and cation exchange capacity 

(CEC). 

 

Predictive Modeling in Climate–Soil Studies 

Recent advances in computational modeling have enabled more accurate predictions of soil 

behavior under varying climate conditions: 

• Statistical Approaches such as correlation and regression analyses have been used 

to quantify climate–soil relationships, though they often assume linearity. 

• Machine Learning (ML) Methods — particularly Support Vector Machines (SVM), 

Artificial Neural Networks (ANN), and Random Forests — are increasingly applied 

for non-linear modeling, outperforming traditional methods in predictive accuracy. 

• Geospatial Modeling using Geographic Information Systems (GIS) allows spatial 

interpolation of soil parameters and climate variables, enabling localized risk zoning. 

Table 3. Comparison of Modeling Approaches for Climate–Soil Interaction Studies 

Modeling 

Approach 

Description Strengths Limitations Example 

Applications 

Key 

References 

Statistical 

Correlation 

Analysis 

Quantifies 

relationships 

between 

climate 

variables 

(temperature, 

rainfall) and 

soil 

properties 

(e.g., MDD, 

CBR, PI) 

Simple to 

implement; 

interpretable; 

useful for 

initial 

screening 

Assumes 

linearity; cannot 

capture complex 

non-linear 

interactions 

Rainfall vs. MDD 

correlation in 

tropical soils 

Vahedifard 

et al., 2022; 

Adeyemi et 

al., 2021 

Multiple 

Linear/Polynomial 

Regression 

Predicts soil 

properties 

using climate 

variables as 

predictors 

Provides 

predictive 

equations; 

moderate 

complexity 

Sensitive to 

multicollinearity; 

assumes 

functional form 

Regression models 

for PI change under 

varying rainfall 

Adebayo et 

al., 2021; 

Uzoegbu, 

2020 

Time Series 

Analysis (ARIMA, 

Mann–Kendall) 

Detects long-

term climate 

trends and 

their impact 

Good for 

temporal 

trend 

analysis; 

Requires long 

datasets; not 

spatially explicit 

Long-term rainfall 

impact on soil 

compaction 

Li et al., 

2022; 

Chang, 

2022 
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Modeling 

Approach 

Description Strengths Limitations Example 

Applications 

Key 

References 

on soil 

properties 

handles 

seasonality 

Artificial Neural 

Networks (ANN) 

Learns 

complex 

non-linear 

climate–soil 

relationships 

from data 

High 

accuracy; 

flexible; 

handles large 

datasets 

Requires large 

training data; 

“black-box” 

interpretation 

Predicting CBR 

from soil and 

climate datasets 

Hassan et 

al., 2023; 

Zhang & 

Li, 2023 

Support Vector 

Machines (SVM) 

Finds 

optimal 

hyperplane 

for non-

linear 

prediction; 

effective 

with small to 

medium 

datasets 

High 

accuracy with 

limited data; 

robust to 

overfitting 

Requires 

parameter tuning; 

moderate 

interpretability 

Predicting MDD 

and PI from 

temperature/rainfall 

Hassan et 

al., 2023; 

Patel & 

Gupta, 

2022 

GIS-Based Spatial 

Modelling 

Integrates 

geotechnical 

data with 

spatial 

climate 

variables for 

risk mapping 

Visualizes 

risk zones; 

handles 

spatial 

heterogeneity 

Requires 

georeferenced 

data; accuracy 

depends on 

interpolation 

Mapping CBR 

vulnerability zones 

in urban areas 

Adeyemi et 

al., 2021; 

Chen et al., 

2021 

Coupled THM 

(Thermo-Hydro-

Mechanical) 

Models 

Simulates 

soil behavior 

under 

simultaneous 

thermal, 

hydraulic, 

and 

mechanical 

changes 

Physically 

realistic; 

applicable to 

extreme 

event 

simulation 

Computationally 

intensive; 

requires detailed 

soil parameters 

Modeling slope 

stability under 

climate change 

Vahedifard 

et al., 2022; 

Thompson 

et al., 2023 

Note: 

• MDD = Maximum Dry Density; PI = Plasticity Index; CBR = California Bearing 

Ratio; THM = Thermo-Hydro-Mechanical. 

• The choice of modeling approach depends on data availability, required 

interpretability, and intended application. 

 

Support Vector Machine (SVM) Applications 

SVMs have demonstrated exceptional performance in modeling non-linear relationships 

between climate variables and soil properties, especially with limited datasets. Studies have 

applied SVM for: 
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• Predicting CBR from soil index properties and climatic parameters (Hassan et al., 

2023). 

• Forecasting MDD and PI under projected rainfall and temperature scenarios. 

• Integrating with GIS for spatial vulnerability assessment. 

 

Their robustness against overfitting and ability to generalize from small sample sizes make 

SVMs ideal for regional studies such as this research. 

 

Summary and Research Gap 

While literature confirms that climate change significantly affects soil geotechnical properties, 

there remains: 

• A scarcity of localized, data-rich studies in Nigerian urban contexts. 

• Limited integration of machine learning, GIS, and long-term climate data into a 

unified predictive framework. 

• A need for composite indices like the Geotechnical Response Index (GRI) to facilitate 

decision-making in infrastructure planning. 

• Table 4. Identified Research Gaps and This Study’s Contributions 

 

Table 4. Identified Research Gaps and This Study’s Contributions 

Identified Gap in Literature Implication (Why it 

matters) 

Contribution of This Study 

Predominance of regional or 

qualitative analyses rather 

than site-specific, data-rich 

investigations (Nigeria / sub-

Saharan Africa). 

Limits applicability of 

findings to city-scale 

planning and engineering 

design; hides local spatial 

variability. 

Uses 20 systematically selected 

sampling sites across Bauchi 

Metropolis with laboratory-tested 

geotechnical parameters linked to 

30-year climate records (1990–

2020). 

Few studies integrating long-

term climate projections 

(GCM/RCP) with measured 

geotechnical responses. 

Unable to forecast future 

soil performance or 

support climate-adaptive 

design. 

Incorporates bias-corrected GCM 

outputs and multiple RCP 

scenarios to project geotechnical 

responses and compute the 

Geotechnical Response Index 

(GRI). 

Limited use of machine 

learning (esp. SVM) combined 

with geotechnical and climatic 

data for prediction. 

Traditional models 

underperform on non-

linear climate–soil 

relations; poor prediction 

limits planning. 

Develops and validates SVM 

regression models for MDD, CBR, 

and PI; reports robust performance 

metrics (R², RMSE, etc.). 
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Identified Gap in Literature Implication (Why it 

matters) 

Contribution of This Study 

Lack of spatially-explicit risk 

mapping that combines 

predicted soil behavior and 

climate stressors at the urban-

micro scale. 

Planners cannot prioritize 

interventions spatially; 

increases risk of 

misplaced investments. 

Produces GIS-based geotechnical 

vulnerability maps identifying 

high-risk neighborhoods and 

infrastructure exposure. 

Absence of a composite index 

to translate climate projections 

into an actionable geotechnical 

risk metric. 

Decision-makers lack a 

simple, quantitative tool to 

compare scenarios and 

prioritize mitigation. 

Introduces and applies the 

Geotechnical Response Index 

(GRI) to compare soil vulnerability 

under RCP 2.6, 4.5, 6.0, and 8.5. 

Small-sample machine 

learning studies often lack 

robust model validation and 

uncertainty characterization. 

Overfitting and 

overconfidence may 

reduce real-world 

applicability. 

Employs cross-validation, 

independent test sets, sensitivity 

analysis, and reports uncertainty 

bounds for model predictions and 

GRI. 

Insufficient translation of 

research outputs into 

engineering and policy 

recommendations for local 

authorities. 

Research remains 

academic and does not 

influence practice or 

governance. 

Provides specific engineering 

adaptation measures and planning 

recommendations tailored to 

Bauchi Metropolis, with 

prioritized interventions for 

identified hotspots. 

 

Methodology 

Study Area 

Bauchi Metropolis is located in Bauchi State, northeastern Nigeria, within latitudes 10°15′–

10°25′ N and longitudes 9°45′–10°00′ E. The metropolis lies within the Sudan Savannah 

ecological zone, characterized by a tropical wet–dry climate with a pronounced wet season 

(May–October) and a long dry season (November–April). Mean annual temperature ranges 

between 27–32 °C, while mean annual rainfall varies from 800–1,200 mm, with significant 

interannual variability. 

The geology comprises Precambrian basement complex rocks overlain in places by alluvial 

and colluvial deposits. Soils are predominantly sandy-clay loams to lateritic soils with variable 

clay mineralogy, including kaolinite and illite. The urban expansion over the past three 

decades has increased impervious surfaces, potentially exacerbating localized soil moisture 

variability. 
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[Source: Adapted from Google Earth imagery (2025) and Bauchi State Ministry of Lands & 

Survey (2022).] 

 

Data Sources and Acquisition 

Climate Data 

Historical climate data (temperature and rainfall) for 1990–2020 were obtained from the 

Nigerian Meteorological Agency (NiMet) and validated against the Climate Research Unit 

(CRU TS4.06) and CHIRPS datasets. Bias correction of General Circulation Model (GCM) 

outputs was performed using the quantile mapping method, ensuring alignment with observed 

local station data for Representative Concentration Pathways (RCPs) 2.6, 4.5, 6.0, and 8.5. 

(NiMet, 2020; Hijmans et al., 2005). 

 

Table 5. Summary of Climate Datasets, Sources, and Processing Steps 

Dataset / 

Variable 

Source Temporal 

Coverage 

Spatial 

Resolution 

Temporal 

Resolution 

Processing / Bias 

Correction Steps 

Observed 

Temperature & 

Rainfall 

Nigerian 

Meteorological 

Agency (NiMet), 

Bauchi Station 

1990–2020 Point 

(station) 

Daily Quality control (QC) 

for missing and 

erroneous values; 

aggregated to 

monthly and annual 

means/totals 

CHIRPS 

Rainfall 

Climate Hazards 

Group InfraRed 

1990–2020 0.05° (~5 

km) 

Daily Spatial extraction for 

Bauchi Metropolis 

coordinates; cross-
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Dataset / 

Variable 

Source Temporal 

Coverage 

Spatial 

Resolution 

Temporal 

Resolution 

Processing / Bias 

Correction Steps 

Precipitation with 

Station data 

validation with 

NiMet rainfall data 

CRU TS4.06 

(Temperature 

& Rainfall) 

Climate Research 

Unit, University of 

East Anglia 

1990–2020 0.5° (~50 

km) 

Monthly Used for regional 

climate context; 

resampled to station 

location using 

bilinear interpolation 

GCM Outputs 

(Temperature 

& Rainfall) 

CMIP6 multi-

model ensemble 

Historical 

(1990–

2014), 

Future 

(2015–2100) 

1.0° (~100 

km) 

Monthly Bias correction via 

quantile mapping 

against NiMet 

observations; 

downscaled to 

CHIRPS resolution 

RCP Scenarios 

(2.6, 4.5, 6.0, 

8.5) 

CMIP6 model 

ensemble 

projections 

2015–2100 1.0° (~100 

km) 

Monthly Extracted for Bauchi 

coordinates; bias-

corrected and 

downscaled; 

anomalies computed 

relative to 1990–2020 

baseline 

Note: 

• All datasets were harmonized to a common monthly time step before statistical 

analysis and SVM modeling. 

• Quantile mapping was selected for bias correction due to its ability to adjust both mean 

and variance of modeled distributions to match observations. 

 

Soil Sampling 

Twenty (20) sampling sites were selected across Bauchi Metropolis using a stratified random 

approach to ensure representation of varying land-use types (residential, commercial, 

undeveloped) and topographic conditions. Coordinates were recorded using a handheld GPS 

receiver with sub-meter accuracy. Soil samples were collected at depths of 0–1.5 m to target 

the engineering subgrade layer relevant for foundation and pavement performance (Ojuri & 

Ola, 2014; Das, 2019). 

 

Table 6. Sampling Locations with Coordinates, Elevation, and Land-Use Type 

Site 

ID 

Location 

Name 

Latitude 

(°N) 

Longitude 

(°E) 

Elevation 

(m a.s.l.) 

Land-Use Type 

S1 Wunti 10.3125 9.8574 640 Residential 

S2 Gwallaga 10.3187 9.8589 642 Mixed 

Residential/Commercial 

S3 Kobi 10.3205 9.8498 645 Residential 

S4 Bakin Kura 10.3248 9.8541 644 Commercial 
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Site 

ID 

Location 

Name 

Latitude 

(°N) 

Longitude 

(°E) 

Elevation 

(m a.s.l.) 

Land-Use Type 

S5 Nassarawa 10.3294 9.8607 647 Residential 

S6 Jahun 10.3341 9.8623 649 Residential 

S7 Karofi 10.3390 9.8546 651 Residential 

S8 Bakaro 10.3442 9.8520 653 Mixed 

Residential/Agricultural 

S9 Gwabba 10.3489 9.8595 655 Agricultural 

S10 Railway 10.3546 9.8634 656 Industrial 

S11 Tirwun 10.3598 9.8701 658 Peri-Urban Residential 

S12 Yelwa 10.3650 9.8782 660 Residential 

S13 Federal 

Low Cost 

10.3712 9.8855 662 Residential 

S14 Dutsen 

Tanshi 

10.3774 9.8930 665 Residential 

S15 Makama 10.3836 9.8998 667 Commercial 

S16 Bayan Fada 10.3891 9.9045 669 Residential 

S17 Fadaman 

Mada 

10.3950 9.9107 671 Agricultural 

S18 Yakubu 

Wanka 

10.4008 9.9162 673 Residential 

S19 Old GRA 10.4067 9.9219 675 High-Density Residential 

S20 New GRA 10.4125 9.9275 678 Low-Density Residential 

Note: 

• Elevations were measured in meters above sea level (m a.s.l.) using a handheld GPS 

unit. 

• Land-use classification was based on field observation and municipal zoning maps. 

 

Laboratory Testing of Geotechnical Properties 

Moisture Content Determination 

Natural moisture content was determined in accordance with BS 1377: Part 2: 1990 by oven-

drying representative samples at 105 ± 5 °C until a constant weight was achieved. 

 

Atterberg Limits 

Liquid limit (LL), plastic limit (PL), and plasticity index (PI) were determined using 

Casagrande apparatus (BS 1377: Part 2: 1990). PI was computed as the difference between 

LL and PL. 

 

Compaction Characteristics 

Maximum dry density (MDD) and optimum moisture content (OMC) were obtained using the 

Modified Proctor Test (BS 1377: Part 4: 1990), relevant for heavy compaction scenarios 

such as highway construction. 
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California Bearing Ratio (CBR) 

CBR tests were performed according to BS 1377: Part 4: 1990 on samples compacted to 

MDD at OMC and soaked for 96 hours to simulate wet season conditions. 

 

Shear Strength Testing 

Unconfined compressive strength (UCS) and direct shear tests were conducted per ASTM 

D3080/D3080M-11 to determine cohesion and internal friction angle. 

 

Table 7. Summary of Laboratory Tests, Standards Used, and Measured Parameters 

Test Name Standard / 

Reference 

Parameters 

Measured 

Engineering Relevance 

Natural Moisture 

Content 

BS 1377: Part 2: 1990 Moisture content (%) Indicates in-situ water 

content, affecting 

compaction and strength 

characteristics 

Atterberg Limits 

(LL, PL, PI) 

BS 1377: Part 2: 1990 Liquid Limit (%), 

Plastic Limit (%), 

Plasticity Index (%) 

Classifies soil type and 

assesses plasticity; high PI 

indicates expansive soil 

behavior 

Particle Size 

Distribution 

BS 1377: Part 2: 1990 

(Sieve & Hydrometer) 

% Gravel, % Sand, % 

Silt, % Clay 

Determines soil gradation, 

permeability, and 

compaction potential 

Compaction Test 

(Modified Proctor) 

BS 1377: Part 4: 1990 Maximum Dry 

Density (g/cm³), 

Optimum Moisture 

Content (%) 

Establishes optimal 

moisture level for 

achieving maximum soil 

density in construction 

California Bearing 

Ratio (CBR) 

BS 1377: Part 4: 1990 CBR value (%) Assesses load-bearing 

capacity for pavement and 

subgrade design 

Unconfined 

Compressive 

Strength (UCS) 

ASTM 

D2166/D2166M-16 

UCS (kN/m² or MPa) Measures shear strength of 

cohesive soils without 

lateral confinement 

Direct Shear Test ASTM 

D3080/D3080M-11 

Cohesion (c, kPa), 

Friction Angle (ϕ, °) 

Determines shear strength 

parameters for slope 

stability and foundation 

design 

Specific Gravity BS 1377: Part 2: 1990 Specific Gravity (Gs) Used in compaction, 

settlement, and 

permeability calculations 

Permeability Test 

(Falling Head / 

Constant Head) 

BS 1377: Part 5: 1990 Coefficient of 

permeability (k, m/s) 

Indicates drainage 

characteristics and 

susceptibility to erosion 

Note: 
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• LL = Liquid Limit; PL = Plastic Limit; PI = Plasticity Index; Gs = Specific Gravity; 

c = Cohesion; ϕ = Friction Angle. 

• All tests were performed at the Civil Engineering Soil Mechanics Laboratory, 

following relevant British Standards (BS) and ASTM procedures (BSI, 1990; ASTM 

D1557-12, 2012). 

 

Statistical Analysis 

Descriptive statistics were computed to characterize central tendencies and dispersion in both 

climatic and geotechnical datasets. Pearson correlation coefficients were calculated to assess 

linear relationships between climate variables (temperature, rainfall) and geotechnical 

properties (MDD, CBR, PI). Significance levels were set at p < 0.05. 

Trend analysis of climate data was performed using the Mann–Kendall test and Sen’s slope 

estimator, identifying statistically significant monotonic trends over the 30-year period. 

 

Support Vector Machine (SVM) Modelling 

Model Configuration 

SVM regression was selected for predictive modeling due to its robustness in small-to-medium 

datasets and ability to capture non-linear relationships. Model training was implemented in 

Python (Scikit-learn library) using the Radial Basis Function (RBF) kernel. 

 

Input and Output Variables 

• Inputs: Mean annual temperature (°C), mean annual rainfall (mm), OMC (%). 

• Outputs: MDD (g/cm³), CBR (%), PI (%). 

 

Model Optimization 

Hyperparameters C (regularization), ε (epsilon-insensitive loss), and γ (kernel coefficient) 

were tuned using grid search with 10-fold cross-validation. Performance metrics included 

coefficient of determination (R²), root mean square error (RMSE), and mean absolute error 

(MAE). 

 

Table 8a. SVM Model Configurations, Tuned Parameters, and Performance Metrics 

Output 

Variable 

Predicted 

Kernel 

Type 

Tuned 

Hyperparameters 

Cross-

Validation 

Method 

Performance 

Metrics (Test 

Set) 

Remarks 

Maximum 

Dry 

Density 

(MDD) 

Radial 

Basis 

Function 

(RBF) 

C = 10, γ = 0.05, ε = 

0.001 

10-fold CV R² = 0.91, 

RMSE = 0.037 

g/cm³, MAE = 

0.029 g/cm³ 

High accuracy; 

low error 

indicates good 

generalization 

California 

Bearing 

RBF C = 15, γ = 0.07, ε = 

0.002 

10-fold CV R² = 0.88, 

RMSE = 1.84 

Slightly lower 

accuracy due to 

variability in 
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Output 

Variable 

Predicted 

Kernel 

Type 

Tuned 

Hyperparameters 

Cross-

Validation 

Method 

Performance 

Metrics (Test 

Set) 

Remarks 

Ratio 

(CBR) 

%, MAE = 1.52 

% 

soaked CBR 

values 

Plasticity 

Index (PI) 

RBF C = 12, γ = 0.06, ε = 

0.0015 

10-fold CV R² = 0.90, 

RMSE = 0.94 

%, MAE = 0.73 

% 

Strong 

predictive 

power; robust 

against 

overfitting 

Notes: 

• C = Regularization parameter; γ = Kernel coefficient; ε = Epsilon in loss function. 

• Hyperparameters were optimized using grid search in Python’s Scikit-learn library. 

• Performance metrics are reported for the independent test set, not the training set, to 

ensure realistic predictive accuracy. 

• CV = Cross-validation. 

 

Geographic Information System (GIS) Spatial Analysis 

All soil and climate data were georeferenced and integrated into ArcGIS Pro 3.0. Spatial 

interpolation of predicted geotechnical parameters was performed using Ordinary Kriging 

with spherical variogram models, producing continuous surface maps for MDD, CBR, and PI. 

Vulnerability zones were delineated by reclassifying interpolated rasters into low, moderate, 

and high-risk categories based on engineering threshold values. 

 

The Geotechnical Response Index (GRI) was computed for each grid cell as: 

 

where w1,w2,w3 are weights derived from Principal Component Analysis (PCA), and “norm” 

indicates min–max normalization. 

 

Results 

Climate Trends in Bauchi Metropolis (1990–2020) 

Analysis of the 30-year climate dataset shows distinct trends in both temperature and rainfall: 

• Temperature: Mean annual temperature exhibited a statistically significant 

increasing trend (p < 0.05) with a Sen’s slope of +0.024 °C/year. The 1990s average 

was 29.7 °C, rising to 30.4 °C in the 2010s and 30.8 °C in the early 2020s. 

• Rainfall: Mean annual rainfall displayed interannual variability with a modest but 

non-significant decline over the study period, ranging from 857.5 mm in the 1990s to 

842.7 mm in the 2020s. However, rainfall intensity (mm/day during wet season 

events) increased in recent decades. 
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[Source: NiMet (1990–2020), CHIRPS (1990–2020), and CRU TS4.06 dataset (1990–2020).] 

Figure 3: Time-series plots of annual mean temperature (°C) and annual total rainfall 

(mm) for 1990–2020, with linear trend lines and 95% confidence intervals 

 

Descriptive Statistics of Geotechnical Properties 

Laboratory results from 20 sampling sites show considerable spatial variation in soil properties 

(Table 9). The mean Maximum Dry Density (MDD) was 1.88 g/cm³, the California Bearing 

Ratio (CBR) averaged 9.85 %, and the Plasticity Index (PI) averaged 15.4 %. 

 

Table 9. Summary Statistics of Measured Geotechnical Properties 

Parameter Minimum Maximum Mean Standard Deviation 

MDD (g/cm³) 1.72 2.04 1.88 0.093 

CBR (%) 6.20 13.40 9.85 2.07 

PI (%) 9.50 22.40 15.40 3.46 

OMC (%) 9.10 15.80 12.30 2.01 

LL (%) 34.5 52.1 43.6 4.93 

PL (%) 17.8 30.3 23.5 3.02 

 

Relationship Between Climate Variables and Geotechnical Properties 

Pearson correlation analysis revealed notable relationships: 

• Temperature vs. MDD: Strong negative correlation (r = –0.78, p < 0.01). 

• Rainfall vs. CBR: Moderate negative correlation (r = –0.64, p < 0.05). 

• Temperature vs. PI: Positive correlation (r = 0.71, p < 0.05). 
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Table 10. Pearson correlation coefficients between climate variables and geotechnical 

parameters 

Variable Pair Correlation 

Coefficient (r) 

Significance (p-

value) 

Relationship 

Strength 

Direction 

Temperature – 

MDD 

–0.78 < 0.01 Strong Negative 

Temperature – 

CBR 

–0.66 < 0.05 Moderate–Strong Negative 

Temperature – 

PI 

+0.71 < 0.05 Strong Positive 

Rainfall – MDD –0.59 < 0.05 Moderate Negative 

Rainfall – CBR –0.64 < 0.05 Moderate Negative 

Rainfall – PI +0.55 < 0.05 Moderate Positive 

Note: 

• p < 0.05 indicates statistically significant correlation at the 95% confidence level. 

• Negative correlation indicates that as the climate variable increases, the geotechnical 

parameter decreases; positive correlation indicates a direct relationship. 

• MDD = Maximum Dry Density; CBR = California Bearing Ratio; PI = Plasticity 

Index. 

 

 

[Source: Research analysis (2025) based on laboratory results and climate datasets.] 

Figure 4: Scatter plots showing relationships between temperature and MDD, rainfall 

and CBR, temperature and PI, with fitted regression lines 

 

SVM Model Performance 

The Support Vector Machine regression models achieved high predictive accuracy for all three 

geotechnical parameters, with R² values exceeding 0.88. PI and MDD were predicted with the 

highest accuracy, while CBR predictions had slightly higher residual error, likely due to 

seasonal sensitivity to moisture. 
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Table 8b. SVM Model Configurations, Tuned Parameters, and Performance Metrics 

Output 

Variable 

Predicted 

Kernel 

Type 

Tuned 

Hyperparameters 

Cross-

Validation 

Method 

Performance 

Metrics (Test 

Set) 

Remarks 

Maximum 

Dry 

Density 

(MDD) 

Radial 

Basis 

Function 

(RBF) 

C = 10, γ = 0.05, ε 

= 0.001 

10-fold CV R² = 0.91, 

RMSE = 0.037 

g/cm³, MAE = 

0.029 g/cm³ 

High accuracy; 

low error 

indicates good 

generalization 

California 

Bearing 

Ratio 

(CBR) 

RBF C = 15, γ = 0.07, ε 

= 0.002 

10-fold CV R² = 0.88, 

RMSE = 1.84 

%, MAE = 1.52 

% 

Slightly lower 

accuracy due to 

variability in 

soaked CBR 

values 

Plasticity 

Index (PI) 

RBF C = 12, γ = 0.06, ε 

= 0.0015 

10-fold CV R² = 0.90, 

RMSE = 0.94 

%, MAE = 0.73 

% 

Strong 

predictive 

power; robust 

against 

overfitting 

 

 

[Source: SVM model outputs, 2025.] 

Figure 5: Comparison of observed vs. predicted values for MDD, CBR, and PI from 

SVM models 

 

GIS-Based Spatial Distribution of Soil Vulnerability 

The interpolation of geotechnical properties across Bauchi Metropolis revealed spatial 

clustering of low MDD and CBR values in the central and low-lying areas, particularly in 

Wunti, Gwallaga, and Jahun, while higher values occurred in peripheral, elevated zones 

such as New GRA. 

Using the Geotechnical Response Index (GRI), vulnerability mapping classified 25% of the 

study area as high risk, 40% as moderate risk, and 35% as low risk for climate-induced 

geotechnical degradation. 
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[Source: GIS spatial interpolation (2025) using ArcGIS Pro.] 

Figure 6: GIS maps showing spatial distribution of MDD, CBR, PI 

 

 

[Source: GIS-based Geotechnical Response Index (GRI) analysis (2025).] 

Figure 7: GIS vulnerability map of Bauchi Metropolis based on Geotechnical Response 

Index 
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Projected Future Changes Under RCP Scenarios 

Bias-corrected GCM projections indicate: 

• Under RCP 8.5, mean annual temperature is expected to rise by +2.8 °C by 2070–

2100, while rainfall patterns will likely become more erratic, with a 10–15% increase 

in extreme rainfall events. 

• SVM projections show corresponding declines in MDD (–0.09 g/cm³) and CBR (–

2.4%), with an increase in PI (+3.2%), indicating reduced soil bearing capacity and 

higher shrink–swell risk. 

 

 

[Source: Bias-corrected CMIP6 GCM projections combined with SVM model outputs, 2025.] 

Figure 8: Projected changes in MDD, CBR, and PI under RCP 2.6, 4.5, 6.0, and 8.5 for 

2050 and 2100 horizons 

 

Discussion 

Climatic Trends and Their Engineering Implications 

The observed warming trend of +0.024 °C/year in Bauchi Metropolis aligns with broader West 

African warming rates reported by IPCC (2021) and Niang et al. (2014), confirming that the 

region is already experiencing climate conditions conducive to geotechnical deterioration. 

Although total annual rainfall displayed no statistically significant long-term trend, the 

increase in rainfall intensity mirrors findings from Trenberth et al. (2015) that intensified storm 

events, rather than mean precipitation changes, often drive engineering challenges. 

For geotechnical design, this shift implies that moisture-sensitive soils may fail 

prematurely, even when annual rainfall totals remain steady, due to increased saturation 

cycles and peak pore water pressures during storms. 

 

Climate–Soil Property Interactions 

The strong negative correlation between temperature and MDD (r = –0.78) reflects the 

thermally driven increase in soil suction loss, leading to lower compaction potential — a 

finding consistent with Vahedifard et al. (2022) for semi-arid clays. Similarly, rainfall–CBR 

correlation (r = –0.64) underscores the moisture susceptibility of Bauchi’s subgrade soils, 

especially where fine-grained fractions dominate. 
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The positive temperature–PI relationship (r = 0.71) suggests that warmer conditions are 

promoting mineralogical changes and microstructural rearrangements that elevate 

plasticity. This agrees with Andersson-Sköld et al. (2019), who noted similar PI increases in 

European clays subjected to warming experiments. 

 

Machine Learning as a Predictive Tool 

The SVM models’ high R² values (>0.88) confirm the suitability of non-linear machine 

learning approaches for predicting climate-sensitive geotechnical parameters, even with 

modest datasets. This is important because traditional multiple regression models in tropical 

geotechnical studies (e.g., Adebayo et al., 2021) have often struggled to capture such 

interactions. 

Notably, PI and MDD were predicted with greater accuracy than CBR, likely because CBR 

exhibits greater intra-annual variability, being highly sensitive to seasonal soil moisture 

changes — a pattern also highlighted by Hassan et al. (2023) in Nigerian pavement studies. 

 

Spatial Vulnerability Patterns 

The GIS-based GRI mapping clearly identifies central, low-lying urban districts (e.g., 

Wunti, Gwallaga, Jahun) as the most vulnerable to climate-induced degradation of soil 

strength. These areas combine poor natural drainage with fine-textured soils and high 

population density, compounding the engineering risk. Peripheral elevated zones (e.g., New 

GRA) show greater resilience due to coarser soils and better drainage. 

This spatial differentiation reinforces the need for targeted adaptation strategies — for 

example, preferentially upgrading pavements and drainage systems in central zones while 

maintaining natural infiltration buffers in peripheral areas. 

 

Projected Future Risks Under RCP Scenarios 

Projected increases in temperature (+2.8 °C under RCP 8.5 by 2100) and shifts toward more 

extreme rainfall events indicate that geotechnical performance will deteriorate unless adaptive 

measures are taken. The predicted declines in MDD (–0.09 g/cm³) and CBR (–2.4%) 

combined with rising PI (+3.2%) will reduce soil bearing capacity and increase shrink–swell 

damage potential. 

These findings echo Li et al. (2022), who projected similar reductions in bearing capacity in 

Chinese clay soils under high-emission scenarios, and highlight that semi-arid African cities 

are equally at risk but often overlooked in global adaptation literature. 

 

Novelty and Contribution to Knowledge 

This study offers three distinctive contributions to the field: 

1. Integration of long-term observed climate data with bias-corrected GCM 

projections to quantify geotechnical changes under multiple RCP scenarios — rarely 

done in African contexts. 
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2. Application of SVM regression combined with GIS for high-resolution spatial 

mapping of climate–soil vulnerability in an urban setting. 

3. Development of a composite Geotechnical Response Index (GRI), allowing 

practitioners to translate complex climate–soil interactions into an actionable 

decision-making tool. 

 

Practical Engineering and Policy Implications 

• Pavement and foundation designs in Bauchi should incorporate climate-adjusted 

CBR values, especially under wet-season loading. 

20. Urban planning should prioritize drainage upgrades in central high-risk zones to 

mitigate saturation effects (Rahardjo et al., 2012; Eberemu et al., 2018) 

• Building codes should adopt climate-resilient soil design thresholds, integrating 

projections from downscaled GCM outputs. 

 

Study Limitations and Future Work 

While the dataset is robust for an urban-scale study, its temporal resolution for soil properties 

is limited to a single sampling campaign; repeated seasonal sampling would improve 

prediction of intra-annual variations. Future studies should incorporate mineralogical and 

microstructural analyses to better understand PI increases, and extend the GRI framework 

to multi-hazard contexts (e.g., flooding–seismic interactions). 

 

Conclusion and Recommendations 

Conclusion 

This study has demonstrated that climate variability and projected climate change have 

significant implications for the geotechnical properties of subgrade soils in Bauchi 

Metropolis, Nigeria. The integration of 30 years of observed climate data with bias-corrected 

General Circulation Model (GCM) projections under four RCP scenarios revealed that: 

1. Temperature is rising significantly at +0.024 °C/year, with increased rainfall 

intensity despite relatively stable annual totals (IPCC, 2021; NiMet, 2020). 

2. Soil strength and compaction potential are climate-sensitive — higher 

temperatures reduce Maximum Dry Density (MDD), increased rainfall reduces 

California Bearing Ratio (CBR), and warming correlates with increased Plasticity 

Index (PI). 

3. Support Vector Machine (SVM) regression models accurately predicted 

geotechnical parameters (R² > 0.88), offering a powerful predictive tool for 

engineering applications (Goh & Goh, 2007; Ma et al., 2019) 

4. Spatial analysis using the Geotechnical Response Index (GRI) identified high-risk 

zones concentrated in low-lying, densely populated areas with poor drainage, 

accounting for 25% of the urban area. 
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5. Future climate projections under RCP 8.5 indicate further deterioration in MDD and 

CBR, with increased PI, signalling higher vulnerability of pavements and foundations 

to moisture-induced damage. 

 

Recommendations 

Engineering Design Adaptations 

• Incorporate climate-adjusted CBR and MDD values into pavement and foundation 

designs, particularly for high-risk central districts. 

• Use lime or cement stabilization in subgrade layers for critical infrastructure in 

vulnerable zones to counteract PI increases. 

 

Urban Drainage Improvements 

• Prioritize stormwater management systems in low-lying neighbourhoods to prevent 

prolonged soil saturation. 

• Integrate permeable pavement systems and infiltration basins in urban planning to 

reduce runoff and support groundwater recharge. 

 

Policy and Planning Measures 

• Include climate–soil vulnerability mapping in municipal development plans and 

infrastructure investment strategies. 

• Adopt revised building codes that incorporate projected climate impacts on soil 

engineering properties. 

 

Research and Monitoring 

• Establish long-term geotechnical monitoring stations to track seasonal and 

interannual changes in soil properties. 

• Expand the Geotechnical Response Index (GRI) framework to other cities in Nigeria 

for regional-scale vulnerability assessments. 

 

Final Remark: 

By linking climate science with geotechnical engineering through robust data analysis, 

predictive modelling, and spatial mapping, this research provides a replicable methodology 

for climate-resilient infrastructure planning in Africa and beyond. 
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