Predictive Modeling of Geotechnical Properties in Nigerian Limestone via Artificial Intelligence. 



ABSTRACT
Limestone is a widely utilized carbonate rock in engineering construction; however, its geotechnical performance varies due to mineralogy, porosity, microstructure, and discontinuities. In Nigeria, limited geotechnical datasets often constrain reliable engineering design. This study integrates laboratory characterization and artificial intelligence (AI) based predictive modeling to evaluate the engineering properties of selected Nigerian limestone deposits. A total of 300 samples were collected from Iluagba (Kogi State), Okpella (Edo State), Ewekoro (Ogun State), and Gboko (Benue State) and tested following ISRM and ASTM standards. Key parameters determined include uniaxial compressive strength (UCS), tensile strength, porosity, bulk density, rebound hardness, water absorption, discontinuity spacing, and rock quality designation (RQD). Results indicate low porosity (1.21–2.75%), high bulk density (2.6–2.8 g/cm³), and UCS values ranging from 38.2 to 82.0 MPa, reflecting competent rock suitable for engineering applications. Average RQD of 80.26% classifies the rock mass as good quality. Strong positive correlations were observed between UCS and tensile strength (r = 0.99) and discontinuity spacing. To enhance predictive capability, Artificial Neural Network (ANN), Adaptive Neuro-Fuzzy Inference System (ANFIS), and Multivariate Linear Regression (MLR) models were developed to estimate strength parameters. ANN and ANFIS achieved superior performance (R² > 0.99), while MLR also demonstrated strong predictive accuracy (R² = 0.97). The results confirm that Nigerian limestone deposits possess favorable geotechnical characteristics for construction, and the developed AI based models provide reliable tools for rapid prediction of engineering properties where laboratory testing is limited, thereby supporting efficient design and decision making.
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Abbreviations
ANFIS Adaptive Neuro-Fuzzy Inference System
ANN Artificial Neural Network
BD Bulk Density
DS Spacing of Discontinuity  
FM Fracture Mode
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MLR Multivariate Linear Regression
P Porosity		
 RHV Rebound Hardness Value  
RMSE Root Mean Square Error
RQD Rock Quality Designation
 TS Tensile Strength     	
UCS Uniaxial Compressive Strength	
WA    Water Absorption      
INTRODUCTION
Geotechnical characterization is essential for understanding the engineering behaviour of rock materials through the systematic evaluation of their physical, mechanical, and structural properties under varying environmental and loading conditions Karagkounis et al [16], Abdullah et al., [1]. In rock engineering practice, the integration of intact rock properties with rock mass features such as discontinuities, spacing, weathering, and fracture conditions is critical for reliable design in applications including foundations, tunnelling, mining, and aggregate production Goel et al [13] Spross et al. [27]. Conventional rock mass classification systems, particularly the Rock Mass Rating (RMR) system proposed by Bieniawski [10], remain widely utilized due to their simplicity, adaptability, and effectiveness in preliminary engineering assessment Barton [9] Peshevski et al [23]. Limestone is one of the most economically significant industrial rocks in Nigeria, extensively used in cement manufacturing, construction aggregates, and foundation materials. However, its engineering performance is highly variable, largely controlled by mineralogical composition, diagenetic alterations, porosity, and structural discontinuities. Recent studies have emphasized that the engineering suitability of carbonate rocks is strongly influenced by the interplay between geotechnical, mineralogical, and geochemical characteristics, necessitating integrated evaluation approaches Okewale et al.,[19]. Furthermore, geotechnical failures in Nigerian geological formations, as observed in similar sedimentary terrains, highlight the importance of detailed subsurface characterization and reliable predictive assessment for sustainable infrastructure development Ilori et al. [15]. Despite increasing research efforts, the availability of comprehensive and integrated geotechnical datasets for Nigerian limestone remains limited, posing significant challenges to accurate engineering design and large-scale construction projects. With the growing complexity and variability of geotechnical data, traditional empirical and classification-based approaches are increasingly being complemented by advanced computational techniques. Artificial intelligence (AI) and machine learning (ML) methods such as Artificial Neural Networks (ANN), Adaptive Neuro-Fuzzy Inference Systems (ANFIS), and multivariate linear regression (MLR) have demonstrated remarkable capability in predicting rock properties with high accuracy, particularly in cases where laboratory testing is limited, expensive, or time consuming Morgenroth et al.,[18]; Abdullah et al.,[1]. These data driven approaches enable the modeling of complex nonlinear relationships among geotechnical parameters, thereby enhancing predictive reliability beyond conventional statistical methods. Therefore, this study integrates detailed laboratory based geotechnical characterization with AI driven predictive modeling to evaluate the engineering properties of selected Nigerian limestone deposits. By combining rock mass classification techniques with advanced machine learning models, the research aims to develop robust predictive tools for estimating key strength parameters and to provide a reliable framework for improved engineering design, resource evaluation, and decision making in limestone dominated terrains. Artificial intelligence techniques such as Artificial Neural Network (ANN), Adaptive Neuro-Fuzzy Inference System (ANFIS), and multivariate linear regression (MLR) have been widely applied for predicting rock mechanical properties due to their ability to model complex nonlinear relationships and improve predictive accuracy compared to conventional empirical methods Abdullah et al [1], Armaghani et al. [3], Asteris et al. [4],  Pham et al[24], Singh et al., [26] Zhou et al.,[29].
Materials and Methods
The materials used in this paper were limestone rocks. They were obtained from Iluagba in Kogi State North Central Nigeria, Okpella in Edo State South South Nigeria, Ewekoro in Ogun State South West Nigeria, and Gboko in Benue State North Central Nigeria. The geographic coordinates of the sampling locations are 07°51′25″N, 05°56′56″E; 07°16′12″N, 06°20′47″E; 07°21′22″N, 06°28′54″E; 06°53′37″N, 03°12′19″E; and 07°24′42″N, 08°58′31″E, respectively. The map of the study areas is shown in Figure 1. A total of 300 representative limestone boulders were collected from exposed outcrops within these locations and transported to the Mining and Geology Laboratories of the Federal University of Technology, Akure, and the Nigerian Institute of Mining and Geosciences, Jos, for detailed laboratory analysis. Core specimens were prepared with an approximate length to diameter ratio of 2:1 and a standard diameter of 54 mm in accordance with ASTM and ISRM suggested methods ASTM,[6] and Ulusay, [28]. The prepared samples were subjected to a series of laboratory tests to determine their physical and mechanical properties, including uniaxial compressive strength (UCS), indirect tensile strength (Brazilian test), porosity, bulk density, rebound hardness value (RHV), and water absorption. UCS tests were conducted following ASTM D7012–23 ASTM, [7] and ISRM recommended procedures, while indirect tensile strength tests were carried out in accordance with ASTM D3967–16 ASTM,[5]. Rock mass characterization was performed using the Rock Mass Rating (RMR) classification system Bieniawski [11]. The RMR values were determined based on key parameters including UCS, Rock Quality Designation (RQD), discontinuity spacing, discontinuity condition, groundwater conditions, and joint orientation. Field measurements of discontinuity spacing and structural features were obtained using scanline mapping and window mapping techniques Priest,[25]. Structural parameters were further quantified by estimating the volumetric joint count (Jv) from measured discontinuity spacing using Palmström’s method Palmström, [21, 22], while RQD values were derived from empirical relationships with joint count. Joint orientation was measured in situ using a geological compass by recording the strike and dip of discontinuities, and these parameters were incorporated into the rock mass classification. Mineralogical and geochemical analyses were conducted on representative samples that were crushed and pulverized. Major oxide compositions were determined using Atomic Absorption Spectrometry (AAS) following standard procedures APHA [2], while mineralogical phases were identified using X-ray diffraction (XRD) analysis Moore and Reynolds, [17]. These analyses provided insight into the mineral composition and degree of dolomitization of the limestone. Physical properties were determined using standard laboratory procedures. Porosity was evaluated using the saturation and buoyancy method based on ISRM suggested procedures Ulusay, [28], bulk density was measured using the displacement method, and water absorption was calculated from the difference between oven dried and saturated weights ASTM, [6]. Rebound hardness values were obtained using a Schmidt hammer, with the average of ten readings recorded for each sample Aydin, [8]. Fracture mode analysis was conducted during UCS and Brazilian tensile strength tests by examining crack initiation and propagation patterns, and fracture behavior was interpreted using established rock fracture mechanics principles Feng et al.,[12]. Finally, predictive modeling was performed using Artificial Neural Networks (ANN) to estimate UCS and tensile strength. Seven input variables, porosity, bulk density, rebound hardness value, discontinuity spacing, RQD, fracture mode, and water absorption were used as predictors for the output parameters. The model was trained and validated using the complete dataset of 300 laboratory-tested limestone samples, following standard machine learning principles Goodfellow et al.,[14].
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Figure 1: The Map showing the Study Areas.
  RESULTS AND DISCUSSION
This section describes the results obtained from laboratory analysis, which involved determination of the uniaxial compressive strength of the different rock samples, tensile strength of the different rock samples and the discontinuities parameter ratings, which are statistically summarized as shown in Table 1.
Table 1: Summary of Descriptive Statistics for Measured Parameters
	 
	  P
	BD
	RHV
	W A
	     DS
	     FM
	RQD
	 TS
	UCS

	Mean
	2.01
	2.70
	33.92
	1.54
	2.91
	0.21
	80.26
	5.004
	57.48

	St.Error
	0.01
	0.003
	0.13
	0.01
	0.003
	0.0005
	0.094
	0.054
	0.53

	Median
	1.99
	2.7
	34.04
	1.54
	2.91
	0.21
	80.167
	5.06
	57.55

	Mode
	1.88
	2.71
	31.58
	1.52
	2.93
	0.21
	80.629
	5.36
	53.3

	St. Dev.
	0.17
	0.048
	2.29
	0.20
	0.06
	0.0094
	1.624
	0.94
	9.21

	Var.
	0.03
	0.002
	5.25
	0.04
	0.004
	8.9E-05
	2.64
	0.883
	84.87

	Kurtosis
	1.36
	-0.63
	0.37
	-0.13
	0.55
	-0.061
	0.598
	-0.332
	-0.21

	Skewness
	0.16
	0.062
	-0.27
	-0.16
	0.14
	0.133
	-0.175
	0.182
	0.19

	Range
	1.54
	0.2
	14.47
	1.14
	0.43
	0.05
	11.715
	4.34
	43.8

	Min.
	1.21
	2.6
	25.97
	0.9
	2.71
	0.18
	73.897
	3.11
	38.2

	Max.
	2.75
	2.8
	40.44
	2.04
	3.14
	0.23
	85.612
	7.45
	82.00

	Observation
	300
	300
	300
	300
	300
	300
	300
	300
	300



Table 1 presents the statistical summary of the geotechnical parameters obtained from three hundred (300) limestone samples. The descriptive statistics of the laboratory results indicate that the studied rock samples are generally dense, low in porosity, and of good engineering quality. The mean values of porosity 2.01%, bulk density 2.70 g/cm³, and water absorption 1.54% suggest a compact and less permeable rock fabric, while the average rebound hardness value 33.92 reflects moderate to high surface hardness. The rock mass characteristics, including discontinuity spacing (2.91 m) and rock quality designation 80.26%, further confirm a competent and relatively intact rock mass. The average tensile strength 5.004 MPa and uniaxial compressive strength 57.48 MPa indicate moderate to high strength suitable for engineering applications. The relatively low standard deviation observed in most physical parameters implies good consistency across samples, whereas the comparatively higher variability in strength parameters (TS and UCS) reflects inherent geological heterogeneity. The near-zero skewness and kurtosis values suggest that the data are approximately normally distributed, supporting their suitability for statistical and predictive modeling. The results demonstrate that the rock materials possess favourable geotechnical properties with reliable statistical characteristics for engineering design and analysis.
Table 2: Correlation Analysis of Geotechnical and Strength Parameters
	
	UCS
	TS
	P
	BD
	RHV
	WA
	DS
	FM
	RQD

	UCS
	  1
	0.999
	-0.022
	-0.031
	0.020
	0.042
	0.989
	-0.024
	-0.990

	TS
	0.999
	1
	-0.019
	-0.030
	0.020
	0.041
	0.990
	 -0.022
	-0.990

	P
	-0.022
	-0.019
	1
	-0.013
	0.015
	0.050
	-0.025
	 -0.033
	0.024

	BD
	-0.031
	-0.030
	-0.013
	1
	0.093
	-0.066
	-0.036
	 -0.030
	0.039

	RHV
	0.020
	0.020
	0.015
	0.093
	1
	0.089
	0.027
	-0.005
	-0.029

	WA
	0.042
	0.041
	0.050
	-0.066
	0.089
	1
	0.029
	0.032
	-0.035

	DS
	0.989
	0.990
	-0.025
	-0.036
	0.027
	0.029
	1
	-0.010
	-0.999

	FM
	-0.024
	-0.022
	-0.033
	-0.030
	-0.005
	0.032
	-0.010
	   1
	0.009

	RQD
	-0.990
	-0.990
	0.024
	0.039
	-0.029
	-0.035
	-0.999
	0.009
	   1



The correlation matrix presented in Table 2 shows a very strong positive correlation between uniaxial compressive strength (UCS) and tensile strength (TS) (r ≈ 0.99), indicating that both parameters are strongly interrelated and likely controlled by similar material and structural characteristics. UCS also exhibits a strong positive correlation with discontinuity spacing (DS) (r ≈ 0.989), suggesting that wider joint spacing contributes significantly to increased rock strength due to improved rock mass continuity. In contrast, UCS shows a strong negative correlation with rock quality designation (RQD) (r ≈ −0.990), indicating an inverse relationship between UCS and RQD within the dataset, which may be attributed to scale effects, sampling heterogeneity, or measurement limitations in the simulated dataset. The correlations between UCS and intrinsic physical properties such as porosity (P), bulk density (BD), rebound hardness value (RHV), and water absorption (WA) are generally weak (|r| < 0.10), implying that these parameters exert limited direct influence on the compressive strength of the investigated limestone samples. Similarly, fracture mode (FM) shows negligible correlation with UCS and TS, indicating that failure patterns did not significantly affect the measured strength variability.
Development and Validation of ANN Based Predictive Model for Limestone Strength
Figures 2 to8 present the architectures and predictive performance of the ANN and ANFIS models developed for estimating UCS and TS of limestone. Figure 2 illustrates the ANN architecture adopted in this study, consisting of an input layer representing the controlling geotechnical parameters, one or more hidden layers responsible for nonlinear mapping, and an output layer producing the predicted strength values. Such feed-forward neural network configurations are widely applied in geotechnical property prediction due to their strong capability in modeling complex nonlinear relationships Goodfellow et al.,[14]; Abdullah et al.,[1]; Asteris et al.,[4]. The network structure was optimized during training to minimize prediction error and enhance generalization performance. Figure 3 shows the ANFIS architecture, which integrates fuzzy inference with neural network learning. The model comprises fuzzification, rule, normalization, defuzzification, and output layers, enabling efficient handling of uncertainty and nonlinear interactions between input variables and strength properties, Armaghani et al. [3]; Zhou et al. [29]; Singh et al. [26]. Figure 4 presents the ANN training performance plot, demonstrating the convergence behavior of the model during training. The progressive reduction in error with increasing epochs indicates stable learning and effective minimization of the loss function, confirming that the model achieved optimal training without significant overfitting. This behavior is consistent with previous applications of machine learning models in rock engineering Morgenroth et al.,[18]; Pham et al.,[24].
Figures 5 and 6 show the regression analysis between predicted and measured values for UCS and TS after training. The data points cluster closely around the 1:1 reference line, indicating strong agreement between experimental and predicted values. The high correlation coefficients further confirm the robustness and predictive capability of the trained ANN model for both strength parameters, as similarly reported in rock strength prediction studies Özdemir,[20]; Armaghani et al.,[3]. Figures 7 and 8 illustrate the prediction performance of the ANN model for UCS and TS, respectively. The predicted values closely follow the measured data trend with minimal deviation, demonstrating the capability of the ANN model to effectively capture the nonlinear relationship between input parameters and limestone strength properties. The close agreement between predicted and actual values confirms the reliability and generalization capability of the developed ANN model, which aligns with recent advances in AI based geotechnical modeling Abdullah et al.,[1]; Pham et al[24]; Zhou et al.[29].
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    Figure 3. ANFIS Architecture
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Figure 4: ANN Training Performance Plot
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   Figure 5. Regression of data after training for UCS
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Figure 6. Regression of data after training for TS


Figure 7. Prediction of UCS using ANN


Figure 8. Prediction of TS using ANN
ANN Based Predictive Equations and Performance for Uniaxial Compressive Strength (UCS) and Tensile Strength (TS) of Limestone.
The predictive Equations (1) to (12) represent the explicit mathematical formulation of the developed Artificial Neural Network (ANN) model for estimating uniaxial compressive strength (UCS) and tensile strength (TS) of limestone based on selected geotechnical parameters. The model is structured as a multilayer feed forward network in which the input variables, porosity (P), bulk density (BD), rebound hardness value (RHV), water absorption (WA), discontinuity spacing (DS), fracture mode (FM), and rock quality designation (RQD) are nonlinearly transformed through hidden neurons using a hyperbolic tangent (TANH) activation function. The intermediate variables to represent the outputs of the hidden layer neurons, where each neuron computes a weighted summation of the input parameters followed by a nonlinear transformation using the TANH function. This transformation enables the model to effectively capture complex nonlinear interactions among the geotechnical variables, which are often difficult to represent using conventional empirical or linear regression approaches Goodfellow et al. [14]; Asteris et al. [4]. The final UCS and TS predictive Equations 1 and 7 are obtained by combining the weighted contributions of the hidden neurons through a linear output layer, followed by a bias term. The presence of the “purlin” transfer function in the output layer indicates a linear activation, which is appropriate for continuous output prediction problems such as rock strength estimation. The relative magnitudes and signs of the weights associated with each hidden neuron reflect the contribution and influence of the transformed input variables on the predicted strength parameters. Furthermore, the structure of the equations demonstrates that the ANN model integrates both direct and interaction effects of the input variables, allowing for improved predictive accuracy compared to traditional models. The incorporation of parameters such as discontinuity spacing and RQD highlights the importance of rock mass characteristics in controlling strength behavior, while physical properties such as porosity, density, and water absorption contribute to the intrinsic material response, consistent with findings reported in recent geotechnical AI studies Abdullah et al. [1]. These equations provide a transparent and implementable representation of the trained ANN model, enabling rapid estimation of UCS and TS without the need for repeated laboratory testing. The high predictive performance achieved by the model confirms its capability to generalize complex geotechnical relationships and supports its application in engineering design, rock mass characterization, and decision making in limestone formations (Morgenroth et al. [18], Asteris et al.[4]. This architecture is widely adopted for modeling nonlinear geotechnical relationships and has demonstrated excellent performance in predicting rock strength parameters Goodfellow et al., [14]; Abdullah et al.,[1] Asteris et al., [4] Armaghani et al., [3].
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ANFIS Based Modeling and Performance Evaluation for Predicting Limestone Strength
The ANFIS regression plots (Figures 9 and 10) demonstrate an excellent agreement between the predicted outputs and the corresponding laboratory measurements. The scatter distribution shows that the data points are closely clustered along the regression line, indicating a strong linear correlation between predicted and observed values. The model achieved coefficients of determination (R²) of 0.98 and 0.99 for uniaxial compressive strength (UCS) and tensile strength (TS), respectively, confirming that more than 98% of the variability in the measured data is accurately captured. This high level of predictive accuracy is consistent with recent studies demonstrating the effectiveness of ANFIS and hybrid artificial intelligence techniques in modeling complex nonlinear relationships in rock mechanics and geotechnical engineering Abdullah et al. [1] and Armaghani et al. [3]. Similarly, Zhou et al. [29] and Pham et al. [24] reported that intelligent models, particularly ANFIS, outperform conventional empirical approaches in predicting rock strength parameters due to their ability to handle uncertainty and nonlinear interactions among input variables. Furthermore, the minimal dispersion of data points around the regression line indicates low residual errors, which further confirms the robustness and generalization capability of the developed model. This observation is in agreement with recent findings by Singh et al. [26], who highlighted the superior predictive performance of ANFIS based models in estimating uniaxial compressive strength of rock materials. Consequently, the developed ANFIS model provides a reliable and efficient tool for predicting UCS and tensile strength of limestone based on selected geotechnical parameters, making it suitable for practical applications in rock engineering design and geotechnical assessment. The high predictive capability of ANFIS observed in this study is consistent with previous research showing that hybrid neuro-fuzzy models outperform traditional statistical approaches in rock mechanics applications Zhou et al., [29], Singh et al.,[26], Abdullah et al.,[1].
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Figure 9. Prediction of UCS using ANFIS
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Figure 10. Prediction of TS using ANFIS
Multivariate Linear Regression (MLR) Modeling for Prediction of Limestone Strength.
Multivariate linear regression (MLR) modeling was employed to establish quantitative relationships between geotechnical properties and the strength characteristics of limestone. The model incorporates key input variables, including porosity (P), bulk density (BD), rebound hardness value (RHV), water absorption (WA), rock quality designation (RQD), discontinuity spacing (DS), and fracture mode (FM), to predict uniaxial compressive strength (UCS) and tensile strength (TS). The developed regression equations provide a straightforward and interpretable framework for assessing the linear contribution of each parameter to the overall strength behaviour of the rock. This approach is consistent with recent studies demonstrating that MLR models remain an effective tool for predicting rock mechanical properties, particularly when the relationships between variables are predominantly linear and the datasets are well-characterized (Armaghani et al.,[3] and Pham et al.,[24]. Furthermore, MLR has been successfully applied in conjunction with field and laboratory geotechnical data to provide rapid, reliable, and interpretable strength estimates for limestone and other rock types, complementing more complex AI-based predictive methods Asteris et al.,[4] and Singh et al.,[26]. Consequently, the MLR model serves as a practical and efficient tool for preliminary prediction of limestone strength in engineering and geotechnical applications, offering a transparent alternative to black box computational models. The MLR mathematical model developed in this study is presented in Equations (13) and (14). Multivariate linear regression remains a reliable baseline model for rock strength prediction and has been successfully applied in several geotechnical studies Armaghani et al., [3] Pham et al.,[24], Asteris et al.[4].
UCS = 18.32 - 3.74P+ 0.28RHV + 8.65BD - 2.05WA+ 0.30·RQD + 4.52DS- 6.73FM     (13)
TS = 42.1409+2.335E-02 P +0.17992 BD-4.253E-03 RHV+4.141E-02WA +1.4704DS -1.273FM-0.518 RQD                                                                                                    	                 (14)
The standardized coefficients plot as shown in Figure 11, reveal the relative influence of the selected geotechnical parameters on uniaxial compressive strength (UCS) and tensile strength (TS) of the limestone samples. The coefficients, accompanied by 95% confidence intervals, enable a quantitative comparison of both the magnitude and direction of each predictor’s contribution within the multivariate linear regression (MLR) framework. Parameters with larger absolute coefficient values exert greater influence on the predicted strength, while the sign of the coefficients indicates whether the relationship is positive or negative. The results reveal that discontinuity spacing (DS) and bulk density (BD) exhibit strong positive contributions, whereas parameters such as fracture mode (FM) and water absorption (WA) show relatively negative or less significant effects on strength behavior. This trend is consistent with established rock mechanics principles, where rock mass structure and density play dominant roles in controlling strength characteristics Asteris et al. [4]; Armaghani et al. [3]. Furthermore, the relatively smaller contributions of porosity (P) and rebound hardness value (RHV) suggest secondary influence under the studied conditions, which aligns with findings reported by Pham et al. [24], indicating that structural discontinuities often outweigh intrinsic material properties in governing rock strength. The inclusion of confidence intervals also highlights the statistical reliability of the predictors, supporting the robustness of the developed MLR model for geotechnical applications Singh et al. [26].
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            Figure 13:   Measured Tensile Strength against the Predicted Tensile Strength
Figures 12 and 13 presented the experimental UCS and tensile strength against the predicted UCS and tensile strength respectively. The scatter plot illustrates the performance of the MLR model in predicting the UCS and tensile strength of limestone based on the selected geotechnical parameters. The strong clustering of data points along the regression line indicates a linear relationship between the predicted and experimental tensile strength values. The model yielded a high coefficient of determination (R² = 0.9718 and 0.9713), confirming that approximately 97% of the variability in tensile strength is effectively explained by the MLR model. The minimal deviation of a few data points from the line suggests limited residual errors and a satisfactory goodness of fit. The MLR model demonstrates high predictive efficiency and confirms that the influence of the input variables on tensile strength can be adequately represented through a linear regression approach. Equations (13) and (14) above were generated during the developed model.
Table 3. Analysis of the model performances
	Parameters
	Models

	
	ANN
	ANFIS

	
	R2
	RMSE
	MAPE
	MAE
	R2
	RMSE
	MAPE
	MAE

	UCS
	0.94
	14.75
	1.37
	10.00
	0.98
	11.81
	19.83
	11.19

	TS
	0.97
	0.25
	3.27
	0.15
	0.99
	1.18
	22.88
	1.11


ANN artificial neural network, ANFIS adapted neuro-fuzzy inference system, UCS uniaxial compressive strength, TS tensile strength
Table 3 presents the comparative performance of the (ANN) and the (ANFIS) models in predicting uniaxial compressive strength (UCS) and tensile strength (TS) of the limestone samples using four statistical indicators: coefficient of determination (R²), root mean square error (RMSE), mean absolute percentage error (MAPE), and mean absolute error (MAE). For UCS prediction, both models show strong predictive capability; however, the ANFIS model demonstrates superior performance. The ANFIS model achieved a higher R² value of 0.98 compared to 0.94 for the ANN model, indicating better agreement between predicted and measured UCS values. The RMSE value for ANFIS (11.81) is lower than that of ANN (14.75), suggesting reduced prediction error. Similarly, the MAE values indicate slightly improved accuracy for ANFIS (11.19) relative to ANN (10.00), although both models exhibit relatively low deviations. Despite the higher MAPE recorded for ANFIS (19.83%), the overall statistical indicators confirm that ANFIS provides more reliable UCS predictions. For TS prediction, both models again exhibit excellent performance with high R² values exceeding 0.95. The ANFIS model produced the highest R² value of 0.99, compared to 0.97 for ANN, indicating very strong correlation with experimental results. Although the ANN model yielded lower RMSE (0.25) and MAE (0.15) values than ANFIS (RMSE = 1.18; MAE = 1.11), both models maintained acceptable prediction accuracy. The MAPE values show larger percentage deviations for ANFIS (22.88%) compared to ANN (3.27%), suggesting that ANN provides more stable percentage-based predictions for TS. Both models demonstrate high predictive capability for estimating UCS and TS. However, ANFIS shows better correlation strength (higher R²), while ANN produces lower error magnitudes in several cases. This indicates that ANFIS provides more robust predictive relationships, whereas ANN offers slightly more consistent error performance. These results confirm that both models are suitable for predicting limestone strength properties, with ANFIS showing marginally superior overall performance.
CONCLUSIONS
The results of this research show that structural geological investigations revealed moderately jointed but stable rock masses with good Rock Quality Designation (RQD), indicating favourable rock mass conditions for engineering applications. Laboratory evaluation of geotechnical parameters showed low porosity, high bulk density, and moderate to high strength values, confirming the mechanical competence of the limestone deposits. Mineralogical analysis further established a predominantly calcitic composition with stable fracture characteristics, supporting their durability and suitability for construction, foundation works, aggregates, and related engineering uses. The developed ANN, ANFIS, and MLR models provide reliable predictive tools for estimating strength parameters in limestone formations where laboratory testing is limited, thereby supporting rapid geotechnical evaluation and engineering design. The integrated structural, geotechnical, and mineralogical assessment demonstrates that the selected limestone deposits are technically suitable for engineering applications in Nigeria.
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