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Abstract 
 

The bearing capacity of the soil is a crucial factor in the economical and safe construction of shallow foundations 

in civil engineering. By assessment of this parameter, structural stability and foundation failure are prevented. 

Traditional approaches, such as Meyerhof's method and bowel’s method, use empirical formulas that are based 

on the soil's cohesiveness, unit weight, and angle of internal friction. These methods are widely used but often 

require thorough site inspections which are time consuming.  With the advancements of data science, statistical 

methods such as machine learning (ML) offer promising alternatives for predicting geotechnical parameters 

using available soil data. This study explores the application of ML models (linear regression) to predict the soil 

bearing capacity of shallow foundations for the Bogura Sadar region of Bangladesh. 100 boreholes data were 

collected from the area and a linear regression (LR) model was developed and tested against bearing capacity 

values calculated using Meyerhof’s method. LR is particularly valued for its simplicity, interpretability and 

ability to model relationships between dependent and independent variables effectively. The model accuracy is 

checked with statistical parameters like r2, root mean squared error (rmse) and mean squared error (mse) etc. The 

model achieved a high level of accuracy with an r² score of 0.9861. The results suggest that the data driven 

model can serve as an effective predictive tool i.e. can reliably determine bearing capacity in place of traditional 

analytical methods for Bogura region. 
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1 Introduction 
 

Bearing capacity is defined as the maximum average contact pressure between soil and foundation. It quantifies 

the permissible load that a foundation can safely transmit to the ground without causing catastrophic shear failure 

or excessive settlement. That’s why bearing capacity is being a paramount consideration for the design and 

construction of safe and stable civil engineering structures. Over the past century, the theoretical and empirical 

understanding of bearing capacity has evolved significantly that were driven by the researchers such as Terzghi, 

Meyerhof, Hansen and Vesic etc. Their contributions have created the base for modern foundation design 

providing theoretical frame to assess the ultimate load bearing capacity of various foundation types under 

idealized conditions. When soil heterogeneity, anisotropy, groundwater table, complex loading scenarios are 

included, real world geotechnical conditions often offer complexities and deviate from the idealizations. Though 

these analytical methods are the core foundations in the field of civil engineering, have shown some limitations 

in capturing the complex behaviors of soil systems. This study refers to a crucial intervention which occupies 

advanced computer technique and geotechnical engineering.  

Artificial Intelligence (AI) has shown its efficiency and adaptability by recent studies in civil engineering 

applications. Researchers have made significant improvement in geotechnical engineering by using advanced 

soft computing techniques to forecast important phenomena like soil liquefaction (Rahman et. al., 2025; Sayed 

et. al., 2025). Machine learning has also shown promising results in forecasting soil bearing capacity for shallow 

foundations. Algorithms like Gaussian process regression (GPR), extreme learning machine (ELM) and Minimax 

probability machine regression (MPM) have been applied to predict soil bearing capacity on cohesionless soils in 

2017 (Chowdhury et. al. 2017). The comparison was done based on the coefficient of relation (r). Though GPR 

and ELM provided satisfactory results, MPM was identified as more effective tool. Support Vector Machine 

(SVM) and Relevance Vector Machine (RVM) have also been applied in the same research by Samiu (Samiu, 

2012). Both of the models were robust in predicting soil bearing capacity of cohesionless soil. Multilayer 
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Perception neural networks (MLP), group method of data handling (HMDH) and adaptive network based fuzzy 

interference systems (ANFIS) have been applied to predict seismic bearing capacity for a shallow strip footing in 

heterogeneous soil (Es-haghi et al. 2021). MLP shows superior over other models. A random forest regression 

(RFR) model is proposed in 2017 for accurately predicting of ultimate bearing capacity of cohesionless soils 

where it was found that the model can predict ultimate bearing capacity in fastest and accurate way. To enhance 

the efficiency and accuracy of predicting the foundation bearing capacity based on standard penetration test data 

(SPT), MLP, RFR and XG boost (XGB) were applied. Notably, ensemble learning algorithms such as RFR) and 

XGB consistently outperformed MLP (Usifo et. al. 2025). Eleven machine learning models was applied in 2021 

to predict the driven pile bearing capacity, where pile area was identified as the most significant factor 

influencing the pile bearing capacity (Benboura et. al. 2021). In these researches, the most efficient model was 

detected by regression parameters like coefficient of correlation (r2), Coefficient of relation (r), root mean 

squared error (rmse), mean average error (mae) etc. 

The convergence of these methodologies motivates to move towards fore more adaptable, intelligent modeling 

approaches that can handle the inner complexities and variability of soil systems. GIS based thematic maps were 

constructed by Mahbub based on the bearing capacity of shallow foundations in the Bogura region. The study 

used Meyerhof formula to estimate the soil bearing capacity (Rahman, Md. M., 2025).  This study addresses the 

challenges unique to bearing capacity prediction in Bogura sadar where the relationship between input 

parameters and structural response differs significantly. This study use a well-known machine learning model 

named linear regression and efficiency of this model to predict is checked by 10 statistical regression parameters. 

While the authors acknowledge the valuable contributions of previous studies using numbers of machine learning 

model, this study may suggest computer based approach which may be well suited for bearing capacity 

prediction in the study region and which may offer a robust foundation for future research in this specific 

application domain. 
 

 

2 Meyerhof’s bearing Capacity method 
 

The Meyerhof bearing capacity method is the most commonly used method for determining the bearing capacity 

of soils all over the world. It was developed as an improvement and extension of the Terzaghi bearing capacity 

prediction method. The main difference between these two methods is that, Meyerhof includes additional site 

conditions in his theory. The general form of Meyerhof bearing capacity analysis is shown on equation 1 (Braza 

M Das, 2006). 
 

Qult = cNcScdc+ qNqSqdq+0.5γB/NγSγdγ 1 

Where, Nq = eπtanϕtan2(45+ ϕ/2)  

Nc = (Nq–1)cotϕ  

Nγ = (Nq-1)tan(1.4ϕ)  
 

Sc and dc are the shape factor and depth factor respectively. These two factors used in this theory to account for 

the shearing resistance developed along the failure surface in soil above the base of the footing and to determine 

the bearing capacity of rectangular and circular footings. 
 

 

3 Study area, Data Collection and Data preprocessing 
 

Bogura sadar is an upazila in northern part of Bangladesh in Bogura district under Rajshahi Division. It is an 

industrial city where many small and mid-sized companies are sited. The geomorphology of this region is formed 

by Ganges Brahmaputra-Meghna (GBM) river system and due to its elevated position relative to the adjacent 

floodplains; it is situated in the geomorphic area known as the Barind Tract. Figure 1 displays the study area 

map.  
 

With the modern era of civilizations, construction of high rise buildings becomes common in this region. So 

bearing capacity is becoming an important terms of the civil engineers with the requirement of structures. To 

conduct this study, 100 boreholes data were collected from a construction farm (mainly the farm conduct soil 

exploration test) named Bondhan Soil Section, Bogura as secondary data. The collected data sets cover the 

majority of the region. The bearing capacities of the collected soil sample from SPT test were determined by the 

Meyerhof’s equation. These borehole data were then tabulated for the machine learning models. According the 

important parameters to predict soil bearing capacity, Soil type/S, Cohesion/C (kPa), Friction Angle ϕ (degree), 

Unit weight γ (kN/m3), water Table depth GWT (m), Foundation width B (m), Foundation Depth Df (m), SPT N 

value, Plasticity Index PI, Liquid Limit LL, Dry density γd (kN/m3), Optimum moisture content (OMC%) and 

Bearing Capacity Q (kPa) are the input parameters. 
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Figure 1. Study area map 
 

At the collected sample, there are six types of soil present i.e. Sandy clay; Silty clay; Clay; Loam; Clayey Sand; 

Silty Sand. As machine learning approaches conduct with numerical dataset so soil is classification is converted 

to numerical values as mentioned in Table 1. 
 

Table 1 Soil classification as mentioned in LR model 
 

Soil Classification Mentioned in Models Number of soil sample 

Sandy clay 0 19 

Silty clay 1 17 

Clay 2 11 

Loam 3 17 

Clayey Sand 4 16 

Silty Sand 5 20 

 Total 100 
 

Figure 2 represents the Pearson correlation coefficient which is a fundamental tool in statistics and data analysis 

for understanding the linear relationships between the input variables and output variables. Its value ranges from 

+1 to -1, where +1 represents the strong positive relations i.e. if a variable increases, the related other variable 

increases proportionally and -1 represents the strong negative relationship between the parameters i.e. if one 

variable increases the other related variable decreases proportionally.  0 indicates no clear relationship among the 

variables i.e. changes in one variable do not cause any change of other variable. 
 

3.1 Linear Regression 

Linear regression is a supervised machine-learning algorithm that learns from the labeled datasets and maps the 

data points with best fitted linear functions which can be used for prediction on new datasets 

(geeksforgeeks.org). A linear relationship between the input and output is assumed and based on the meaning the 

output changes at a constant rate as the input changes. This relationship is represented by a straight line. LR is 

important because it is easily interpretable, easy to understand and helps to predict future data based on the past 

data. It is mainly of two types i.e. 1. simple linear regression and 2. Multiple linear regression (MLR) method. 

Simple linear regression conducts with one dependent and one independent variable. But MLR conduct with 

numbers of independent variables and one dependent variable.  
 

The equation of MLR is presented in equation 2. 
 

y=a0+a1x1+a2x2+⋯+anxn 2 
 

Here, y is the dependent variable; x0,x1, x2, x3….xn are the independent variables; a1, a2, a3…. an are the 

coefficients (weights) corresponding to each predictor;  a0 is the intercept. 
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Figure 2. Pearson Correlation matrix 
 

3.2 Model Development 

In this study, before the development of LR model the dataset is preprocessed and normalized by standardscaler. 

The dataset is then divided into training (80%) and testing (20%). Grid search cross validation techniques is 

attained to find the best parameter based on which the model will grid the dataset to train and develop the best 

estimated model. The developed model is used to predict bearing capacity for testing dataset. The comparison 

between the actual data and predicted data shows the effectiveness of the developed model i.e. the values of 

regression parameters are the evident. 
 

 

4 Results and Discussions 
 

4.1 Statistical Comparison 

Statistical comparison between the actual (Meyerhof bearing capacity) and predicted (LR bearing capacity) is 

represented in Table – both for testing and training dataset. Where the comparison is done based on the values of 

Minimum, maximum values of bearing capacity; difference between min. and max. i.e. Range; Average; 

Median; Mode; Standard deviation etc. Though statistical comparison do not prove the effectiveness of a model 

but the values shows similarity for testing and training data. A huge difference is shown on the values of 

minimum and maximum bearing capacity but the other values are very close both for testing and training data. 
 

Table 3. Statistical Comparison between actual and predicted values of Bearing Capacity. 
 

Metric 
Test Train 

Actual Predicted Actual Predicted 

Minimum 643.16 413.414 565.50 208.913 

Maximum 2162.56 1958.42 2428.05 2166.87 

Range 1519.4 1545 1862.55 1957.96 

Average 1279.337 1293.83 1284.408 1284.408 

Median 1237.745 1338.62 1216.26 1270.417 

Mode 1586.76 1658.78 1888.48 1799.88 

Standard Deviation 418.124 447.234 438.62 427.33 

 

4.2 Regression Plot 

Seaborn’s regression plot is drawn to provide a visual aid for highlighting the relationship pattern in a dataset 

when conducting exploratory data analysis. It depicts the linear relationships between two parameters by drawing 

a regression line between them. Figure 3, Figure 4, Figure 5 represents the regression plot for testing, training 

and overall data. The red line represents the neutral regression line. Visual inspection shows that the data points 

are very close to the regression line represnting a strong relation between the values of LR bearing capacity and 

meyerhof bearing capacity (for testing, r2=0.9895; for training, r2= 0.9863 and for overall data, r2= 0.9861). 
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Figure 3 Regression Plot for Testing Data 
 

Figure 4 Regression Plot for Training Data 

 

 
 

Figure 5 Regression Plot for Overall Data 
 

4.3 Performance Evaluation 

Model performance of this study is assessed using a suite of statistical metrics, each of which offers unique 

insights of predictive accuracy and reliability of developed model. The Mean Squared Error (mse) and Root 

Mean Squared Error (rmse) measure the average magnitude of prediction errors. The Mean Absolute Error (mae) 

reflects more robust measures against outliers and represents the average absolute difference between actual and 

predicted values. The coefficient of determination (r2) and its adjusted counterpart (adj. r2) explain the proportion 

of variance accounting the number of predictors to prevent overfitting. The correlation coefficient (r) assessed 

the linear relationship between the actual and predicted values. Beyond these standard metrics, variance 

accounted for (vaf) offer additional viewpoint on how capable a model is to capture variability within the input 

parameters. For assessment of agreement and similarity, Index of Agreement (IoA) and Index of Similarity (IoS) 

is introduced in this study. Finally Mean Absolute Percentage Error (mape) offer a scale independent measure of 

forecast accuracy and a-20 index provides the insights into the number of predictions within a 20% error margin. 

These performance metrics offers a multifactorial view of the model’s predictive capability. Table 4 represents 

the values of performance metrics of this study. 
 

Table 4. Performance metrics of this study. 
 

Performance Metrics Testing Dataset Training Dataset Ideal Value 

mae 82.4734 73.3454 0/lower 

rmse 107.2559 98.2443 0/lower 

r2 0.9895 0.9863 1 

r 0.9705 0.9742 1 

adj. r2 0.9268 0.9485 1 

vaf 0.9320 0.9491 1 

IoA 0.8844 0.8920 1 

IoS 0.9836 0.9868 1 

mape 0.0457 0.0441 0 

a-20 index 0.9728 0.9968 1 

 

Visual inspection at the Table 4 reflects that, the values of performance parameters are closer to the ideal value. 

So it is evident that LR can predict bearing capacity at the study area. Figure 6 represented the comparison line 
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between the Meyerhof bearing capacity and LR bearing capacity. Both the lines are about to similar which 

reflects the efficiency of predicted model. 
 

 

5 Conclusions 
 

It is discovered that common used performance indicators alone are not sufficient for evaluating the model 

performance. Thus a number of performance indicators are employed in this study and the results demonstrated 

that linear regression performs well in both for testing and training datasets to predict soil bearing capacity. 

Additional results are concluded below 

I. This study used linear regression to accomplish its purpose of examining how effective and accurately 

the model can forecast bearing capacity. 

II. The model demonstrates an explanatory power because it has r2 value of 0.9895 for testing data and 

0.9863 for training data meaning that approximately 98.95% and 98.63% of the variance in the 

depended variable can be explained by the independent variable present in the testing data and training 

data respectively. The adj r2 values (0.9268 for testing and 0.9485 for training) are very close to ideal 

values mentioning that the model is not overfitted. 

III. The r values for testing (0.9705) and for training data (0.9742) mentions the strong relationship between 

actual and predicted bearing capacity. 

IV. The mae values reflects that the predicted values of bearing capacity is deviated from actual value at a 

unit of 82.7434 and 73.3454 for testing and training data respectively. The rmse values also explain the 

magnitude of the errors. 

V. Values of IoA (for testing: 0.8844 and for training 0.8920) and IoS (for testing: 0.9836 and for training 

0.9868) being close to 1 mentions a good level of agreement highlighting the model accuracy and a low 

deviation between the predicted values and the actual values. 

VI. Finally, mape and a20 index values signifies that the predictions were off by less than 5% of the actual 

values on average and about a significant percentage (97.28% for  testing and 99.68%) of the 

predictions fall within a 20% error margin of the actual values respectively. 

 

Collectively the values of performance metrics confirm the robustness of the developed models capturing the 

majority of instances. 
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