


Statistical Modelling of Angle of Internal Friction with SPT-N Value, D50, and Effective Stress
Abstract: The study's objective was to create statistical models that relate the angle of internal friction to predictor factors including median grain size (D50), effective overburden stress, and Standard Penetration Test N-values for soil deposits at Rumuibekwe Bridge in the Niger Delta. To determine the SPT-N values, a total of 16 SPT tests were conducted in the subsoil between 0 and 30 meters. Additionally, soil samples were taken at every stratum, and laboratory analyses using the SPT test were performed. The soil's median particle size (D50) and internal friction angle were determined using the triaxial and sieve tests. Models that connected the response variable with the predictor variables were created using statistical regression modeling, both basic and multivariate. Effective overburden stress was the most important predictor, according to the simple regression analysis, which performed exceptionally well with R2 = 0.921 and RMSE = 1.091°, much surpassing conventional SPT-based methods. While the median grain size model had poor predictive capabilities (R2 = 0.242), the basic linear SPT-N model was able to achieve acceptable performance (R2 = 0.807). Multicollinearity effects only made effective overburden pressure statistically significant (p = 0.004), while multiple regression with all parameters (R2 = 0.929) improved the single-parameter effective stress model just somewhat. The effective stress model performed better than the others, with RMSE = 0.88° and MAPE = 2.9%, according to model validation using independent test samples. According to the results, effective stress must be included in order to anticipate the association between friction angle. Furthermore, as location-based friction angle prediction models perform better than global ones, they ought to be used.
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1. INTRODUCTION
A crucial design parameter for the majority of geotechnical design processes, including earth structure design, slope stability analysis, and bearing capacity calculation, is the angle of internal friction (Ullah et al., 2025). Laboratory experiments like the triaxial test or the direct shear box test are still the most accurate way to determine and estimate the angle of internal friction of soil (Brown & Hettiarachchi, 2008; Ullah et al., 2025). Engineers now use empirical correlation for estimate, nevertheless, due to a number of issues, including laboratory error and maintaining the soil's condition prior to the experiment. Additionally, the expense of the test and the number of man hours needed, particularly when doing several tests, have led engineers to search for a quicker and less costly way to estimate the angle of friction. Currently, the angle of friction is determined by comparing the friction angle to the N-values from the Standard Penetration Test. Since the beginning of the 20th century, Standard Penetration Test (SPT) N-values have been the main in-situ testing parameter for characterizing soil. Several correlations have been established to estimate shear strength parameters from penetration resistance (Peck et al., 1953; Ohsaki et al., 1959; Hatanaka & Uchida, 1996; Cubrinovski & Ishihara, 1999).
The angle of internal friction is often modeled using just SPT-N values (Peck et al., 1957; Ohsaki et al., 1959; Hatanaka & Uchida, 1996). Nevertheless, these models have not been very successful, particularly when applied to localized or regional soil (Sahab et al., 2022). In order to increase the accuracy of the angle of internal friction prediction, additional predictive factors must be included. When applied to certain geological conditions, the addition of factors beyond SPT-N values has shown notable gains in correlation accuracy and dependability (Sahab et al., 2022). Granular soils' mechanical behavior is significantly influenced by grain size features, especially median grain size (D50). Particle features influence friction angle mobilization in sandy soils, and laboratory investigations have shown a strong correlation between shear strength and particle size distribution (Li, 2013; Wang et al., 2013). According to Wang et al. (2013), the angle of internal friction rises as the soil's median size increases. Nevertheless, there is still little integration of grain size data into SPT-based friction angle correlations, especially for regional geological contexts. Another factor that affects the angle of internal friction is effective overburden stress (Liao & Whitman, 1986).
Because of its complicated geological past and varied depositional settings, the Niger Delta area poses particular difficulties for the development of geotechnical correlations. An angle of friction should be estimated using a localized model due to the variance in the soil profile in the Niger Delta area (Kennedy & TrustGod, 2024). The goal of the study is to create statistical models for estimating the angle of internal friction for sandy soils in the Niger Delta by utilizing a number of predictor factors, such as SPT-N values, median particle size (D50), and effective overburden stress.
2. MATERIALS AND METHOD
2.1 Study Area
The site of the Rumuibekwe Bridge in the Niger Delta, as seen in Figure 1, is the study's main emphasis. The Rumuibekwe Bridge is located in Rivers State's Obio/Akpor Local Government Area. Latitude 4.843N and longitude 7.0575E are the location's geographic coordinates. The site is rather flat, with elevations typically below 15.24 meters above mean sea level. The area has a tropical monsoon climate, with typical annual temperatures of around 28.64°C and 2,000–2,900 millimeters of precipitation per year.
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Figure 1: Map of study Area
2.2 Data Collection and Laboratory Testing
By performing the Standard Penetration Test (SPT) in accordance with ASTM D1586 guidelines, the N-values for different subsoil layers were determined. 16 subsurface strata, ranging in depth from 0 to 30 meters, were subjected to SPT, and the SPT-N values for each layer were noted. A total of sixteen samples were taken from Rumuibekwe Bridge in order to get further soil parameters at each tier. After being collected, the dirt was placed in an airtight container and brought to the lab for analysis. Programs for laboratory testing included sieve and triaxial tests. Standard sieve analytical methods were carried out in accordance with ASTM D6913 to acquire median grain size (D50) values, and consolidated drained triaxial compression tests were conducted in accordance with ASTM D4767 to determine the angle of internal friction.
2.3 Data Analysis
A major component of the data analysis approach was the creation of statistical models. Descriptive and correlational analyses of the soil characteristics were conducted, however. To compile the values of the soil parameters derived from the field and laboratory tests, descriptive statistics were used. Using Pearson correlation as a basis for feature selection, the connection between the soil metrics was examined. To create prediction models for the angle of internal friction, multiple linear regression analysis was utilized. The response variable for the model development was the angle of internal friction, while the predictor factors were the median grain size, effective overburden pressure, and SPT-N values. Root mean square error (RMSE), mean squared error (MSE), adjusted R2, and coefficient of determination (R2) were used to evaluate the model's performance. Three independent data sets that weren't utilized to build the model were evaluated.
3. RESULTS
3.1 Geotechnical Parameters for Rumuibekwe Bridge
At Rumuibekwe Bridge, Table 1 displays the findings of the descriptive statistic for the soil parameters derived from 16 samples. N-values for the standard penetration test showed a mean of 20.25±11.43, with a broad range of 4 to 36. Meyerhoff (1956) defined compact soil as having an SPT-N value between 10 and 30 and cohesionless soil with SPT values less than 4 as primarily very loose soil. Across the sampling depths, the soil at Rumuibekwe Bridge showed notable variation in soil density conditions, according to the SPT-N values. The mean angle of internal friction was 32.25±3.75°, which is normal for sandy soils and ranged from 26° to 38°. With a mean of 163.98 kPa, effective overburden stress varied from 56.00 to 276.55 kPa. Diverse particle size distributions were found within the soil layers, as evidenced by the median grain size (D50), which varied significantly from 0.002 to 2.008 mm with a mean of 0.52±0.67 mm. As per the Unified Soil Classification System (USCS), the D50 values indicate a diverse soil profile that includes medium sand (D50 = 2.008 mm) and fine-grained soils (D50 = 0.002 mm, which correspond to clay-sized particles). The conditions are primarily fine sand, as shown by the median value of 0.20mm. The subsoils at Rumuibekwe Bridge are primarily fine particles that are compacted, according to the soil conditions. This indicates that clay soils make up the majority of the subsurfaces at that site.
Table 1: Parameter Statistics by Location
	Parameter
	Count
	Mean
	Median
	Std Dev
	Min
	Max

	SPT-N
	16
	20.25
	23.5
	11.43
	4
	36

	Friction Angle (°)
	16
	32.25
	32.5
	3.75
	26
	38

	Effective Stress (kPa)
	16
	163.98
	160.77
	73.75
	56.00
	276.55

	D50 (mm)
	16
	0.52
	0.20
	0.67
	0.002
	2.008



3.2 Correlation Analysis
The association between the soil characteristics and the outcome shown in Table 2 was determined using Pearson correlation. Several of the soil characteristics and the angle of internal friction showed remarkably significant linear connections, according to the Pearson correlation study. The strongest association between friction angle and effective overburden pressure (r = 0.96, p < 0.001) was found, indicating that the soils' shear strength is essentially stress-dependent. The theoretical underpinnings of employing penetration resistance as an indication of shear strength features were supported by the very significant connection between SPT-N and friction angle (r = 0.90, p < 0.001). The median grain size and the angle of internal friction did, however, exhibit a somewhat favorable correlation.
Table 2: Pearson Correlation Matrix
	Variables
	Effective Overburden pressure
	SPT-N
	D50
	Ø

	Effective Overburden pressure
	1.00
	
	
	

	SPT-N
	0.96
	1.00
	
	

	D50
	0.53
	0.61
	1.00
	

	Ø
	0.96
	0.90
	0.49
	1.00

	Values in bold are different from 0 with a significance level alpha=0.05



3.3 Development of Models
The model was developed in stages. First, a straightforward linear regression model was created that connected each soil parameter to the angle of internal friction. A multiple linear regression model was created that established a relationship between the angle of internal friction and all soil characteristics. To assess each parameter's predictive power for estimating friction angle, three straightforward linear regression models were created. Table 3 displays the model's goodness of fit results. With a coefficient of determination R2 = 0.921, the effective overburden pressure model showed remarkable performance, explaining 92.1% of the variance in friction angle through effective stress alone. The model was extremely significant (F = 128.479, p < 0.0001) and had a root mean square error of 1.091°. Additionally, the model showed that the angle of internal friction increases by 0.047° for every 1KPa rise in the effective stress. At R2 = 0.807, the SPT-N model had statistically significant predictive performance, accounting for 80.7% of the variance in the friction angle with an RMSE of 1.708°. According to the model, the angle of internal friction will rise by 0.286° for every unit change in the SPT-N value. With R2 = 0.242 and an RMSE of 3.383°, the median grain size model performed noticeably worse, accounting for just 24.2% of the variance in the friction angle. At a significance level of 10%, this model demonstrated a significant association, but at a 5% level, it was not significant (F = 3.507, p = 0.088). The outcome demonstrated the median grain size's poor predictive power. Given the heterogeneous character of the soil profile and the large range of particle sizes (from medium sand to clay-sized particles), the poor prediction accuracy of D50 may be explained by the complex interactions that are not sufficiently reflected by median grain size alone.
Table 3: Goodness of Fit Statistics for Simple Linear Regression Models
	Statistic
	Effective Overburden Pressure
	SPT-N
	D50

	Observations (n)
	13
	13
	13

	Degrees of Freedom
	11
	11
	11

	R²
	0.921
	0.807
	0.242

	Adjusted R²
	0.914
	0.789
	0.173

	MSE
	1.19
	2.918
	11.443

	RMSE
	1.091
	1.708
	3.383

	F-statistic
	128.479
	45.89
	3.507

	p-value (model)
	< 0.0001
	< 0.0001
	0.088

	Durbin-Watson
	2.677
	2.787
	1.489




Table 4: Model Parameters for Simple Linear Regression Models
	Model
	Intercept
	Slope Coefficient
	Equation

	
	Estimate
	p-value
	Estimate
	Std. Error
	t-value
	p-value
	

	Effective Overburden Pressure
	24.683
	< 0.0001
	0.047
	0.004
	11.335
	< 0.0001
	Ø = 24.683 + 0.047×EOP

	SPT-N
	26.661
	< 0.0001
	0.286
	0.042
	6.774
	< 0.0001
	Ø = 26.661 + 0.286×SPT-N

	D50
	31.392
	< 0.0001
	2.59
	1.383
	1.873
	0.088
	Ø = 31.392 + 2.590×D50



The best single-parameter model performed marginally worse than the multiple linear regression model that included all three predictor variables, with R2 = 0.929 and adjusted R2 = 0.905. A little improvement over the effective overburden pressure model alone, the model described 92.9% of the variance in the friction angle with an RMSE of 1.146°. However, analysis of individual parameter significance within the multiple regression model revealed important insights into parameter interactions. In predicting friction angle, the effective overburden pressure coefficient (0.062°/kPa) continued to play a dominant role, being highly significant (t = 3.860, p = 0.004). On the other hand, when paired with the effective overburden pressure, SPT-N and D50 were both statistically invalid, suggesting little predictive potential. A D50 coefficient of 0.108°/mm (t = 0.178, p = 0.863) and an SPT-N coefficient of -0.107°/unit (t = -0.959, p = 0.363) were found. Multicollinearity effects may be shown by the nonsignificant influence of both the SPT-N and D50, where the effective overburden pressure parameter fully captures the predictive information found in all three measures.
The SPT-N values were the second most significant predictor of the angle of internal friction, after the effective overburden pressure, as shown by the Pareto chart in Figure 2. But only the effective overburden pressure was statistically significant, according to the figure.
Table 5: Goodness of Fit Statistics for Multiple Linear Regression Models
	Observations
	13.000

	Sum of weights
	13.000

	DF
	9.000

	R²
	0.929

	Adjusted R²
	0.905

	MSE
	1.312

	RMSE
	1.146

	DW
	2.231



Table 6: Model Parameters for Multiple Linear Regression Models
	Source
	Value
	Standard error
	t
	Pr > |t|
	Lower bound (95%)
	Upper bound (95%)

	Intercept
	24.282
	0.928
	26.170
	< 0.0001
	22.183
	26.381

	Effective Overburden pressure
	0.062
	0.016
	3.860
	0.004
	0.026
	0.099

	SPT-N
	-0.107
	0.112
	-0.959
	0.363
	-0.361
	0.146

	D50
	0.108
	0.606
	0.178
	0.863
	-1.263
	1.478
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Figure 2: Pareto for important predictors for angle of internal friction

3.4 Model Evaluation
To assess prediction accuracy in real-world scenarios, three separate test samples were used for model validation. The validation performance of the effective overburden pressure model was superior, with mean absolute error (MAE) = 0.84°, mean absolute percentage error (MAPE) = 2.9%, and RMSE = 0.88°. With an RMSE of 0.91°, MAE of 0.81°, and MAPE of 2.9%, the multiple linear regression model demonstrated comparable performance, indicating that the practical prediction accuracy was only marginally improved by the increased complexity of many factors.
The SPT-N model performed much worse than the stress-based model, although it nevertheless demonstrated satisfactory validation performance with RMSE = 1.1°, MAE = 1.09°, and MAPE = 3.8%. Due to its poor validation performance (RMSE = 2.99°, MAE = 2.64°, and MAPE = 9.4%), the D50 model was found to be of limited use in predicting friction angles in the diverse soil profile found at Rumuibekwe Bridge. Grain size effects are less constant across different soil types than stress-dependent behavior, and the validation results confirm that effective overburden pressure is the main predictive variable for friction angle estimate in Niger Delta mixed soil deposits.
Table 7: Model Predictions
	Test
	EOP
	SPT-N
	D50
	Observed Ø
	Pred Ø from EOP SLR
	Pred Ø from SPT-N SLR
	Pred Ø FROM D50 SLR
	Pred Ø from MLR

	Test 1
	92.4
	9
	0.1
	28
	29.03
	29.23
	31.6
	29.06

	Test 2
	145
	19
	0.1
	31
	31.48
	32.09
	31.67
	31.23

	Test 3
	92.1
	8
	0.1
	28
	29.01
	28.95
	31.66
	29.14


Note. EOP = Effective Overburden Pressure; SPT-N = Standard Penetration Test value; D50 = Median particle size; Ø = Angle of internal friction; SLR = Simple Linear Regression; MLR = Multiple Linear Regression

Table 8: Model Performance Metrics on Test Data
	Model
	RMSE (°)
	MAE (°)
	MAPE (%)
	Bias (°)
	Max Error (°)

	EOP
	0.88
	0.84
	2.9
	0.838
	1.026

	SPT-N
	1.1
	1.09
	3.8
	1.093
	1.235

	D50
	2.99
	2.64
	9.4
	2.642
	3.656

	Multiple
	0.91
	0.81
	2.9
	0.809
	1.144


Note. RMSE = Root Mean Square Error; MAE = Mean Absolute Error; MAPE = Mean Absolute Percentage Error; Bias = Mean prediction error; Max Error = Maximum absolute error.

Table 9: Model Performance Ranking Summary
	Model
	RMSE Rank
	MAE Rank
	MAPE Rank
	Overall Score

	Multiple Regression Model
	2
	1
	1
	4

	EOP SLR
	1
	2
	2
	5

	SPT-N SLR
	3
	3
	3
	9

	D50 SLR
	4
	4
	4
	12



4. DISCUSSION
With an outstanding performance (R2 = 0.921) that outperforms conventional SPT-N based correlations, the results show that effective overburden stress is the primary predictor of friction angle for the heterogeneous soil deposits at Rumuibekwe Bridge. SPT-N values are often regarded as the main parameter for estimating friction angle, although this conclusion contradicts standard geotechnical practice. Stress levels and soil properties have a significant impact on the relationship between SPT-N and friction angle (Hatanaka & Uchida, 1996). Because Niger Delta deltaic deposits are complex and have varied soil profiles that range from medium sand to clay-sized particles, median grain size alone is insufficient to accurately depict mechanical behavior. This is shown in the D50 model's low performance (R2 = 0.242). Its practical value for engineering applications is demonstrated by the effective overburden pressure model's exceptional validation performance (RMSE = 0.88°, MAPE = 2.9%). The majority of slope stability and foundation design assessments may be completed with this level of precision, which is a significant improvement over conventional correlations with generally greater errors. Because of their location-specificity, these correlations highlight how crucial regional calibration is to the establishment of geotechnical correlations. In contrast to relationships that are generally employed, empirical correlations between SPT N-values and soil characteristics show better performance when created for particular geological settings (Cubrinovski & Ishihara, 1999).


5. CONCLUSION
Developing a statistical model that can accurately forecast the angle of internal friction based on soil properties and SPT-N values was the goal of this work. At Rumuibekwe Bridge, statistical models were created to forecast the friction angle for Niger Delta soils based on SPT-N values, median particle size, and effective overburden stress. In comparison to conventional SPT-based correlations, the basic linear effective overburden pressure model performed quite well (R2 = 0.921, RMSE = 1.091°). Due to multicollinearity effects, the multiple regression model (R2 = 0.929) only marginally improved the single-parameter effective stress model; only the effective overburden pressure remained statistically significant (p = 0.004). For geotechnical applications in the Niger Delta, the results highlight the significance of location-specific correlations and stress-dependent design methodologies.

REFERENCES
Anbazhagan, P., & Sitharam, T. G. (2010). Relationship between shear wave velocity and SPT-N for different types of soils in India. Geotechnical and Geological Engineering, 28(1), 119-137. https://doi.org/10.1007/s10706-009-9285-4
Arifuzzaman, A., & Anisuzzaman, M. (2022). An initiative to correlate the SPT and CPT data for an alluvial deposit of Dhaka city. International Journal of Geo-Engineering, 13(5), 1-13. https://doi.org/10.1186/s40703-021-00170-3
Asci, M., Kurtulus, C., Kaplanvural, I., & Mataracioglu, M. O. (2014). Correlation of SPT-CPT data from the subsidence area in Golcuk, Turkey. Soil Mechanics and Foundation Engineering, 51(6), 268-272. https://doi.org/10.1007/s11204-015-9294-y
Chen, J. (2004). Axial behavior of drilled shafts in gravelly soils [Doctoral dissertation, Cornell University].
Cubrinovski, M., & Ishihara, K. (1999). Empirical correlation between SPT N-value and relative density for sandy soils. Soils and Foundations, 39(5), 61-71. https://doi.org/10.3208/sandf.39.5_61
Demir, S., & Sahin, E. K. (2022). Comparison of tree-based machine learning algorithms for predicting liquefaction potential using canonical correlation forest, rotation forest, and random forest based on CPT data. Soil Dynamics and Earthquake Engineering, 154, 107130. https://doi.org/10.1016/j.soildyn.2021.107130
Demir, S., & Sahin, E. K. (2023). An investigation of feature selection methods for soil liquefaction prediction based on tree-based ensemble algorithms using AdaBoost, gradient boosting, and XGBoost. Neural Computing and Applications, 35, 3173-3190. https://doi.org/10.1007/s00521-022-07856-4
Dos Santos, M. D., & Bicalho, K. V. (2017). Proposals of SPT-CPT and DPL-CPT correlations for sandy soils in Brazil. Journal of Rock Mechanics and Geotechnical Engineering, 9(6), 1152-1158. https://doi.org/10.1016/j.jrmge.2017.08.001
Fernando, H., Nugroho, S. A., Suryanita, R., & Kikumoto, M. (2021). Prediction of SPT value based on CPT data and soil physical properties using ANN with and without data normalization. International Journal of Artificial Intelligence Research, 5(2), 123-131. https://doi.org/10.29099/ijair.v5i2.192
Ghali, M., Chekired, M., & Karray, M. (2018). Framework to improve the correlation of SPT-N and geotechnical parameters in sand. Acta Geotechnica, 13(6), 1445-1458. https://doi.org/10.1007/s11440-018-0745-3
Hatanaka, M., & Uchida, A. (1996). Empirical correlation between penetration resistance and internal friction angle of sandy soils. Soils and Foundations, 36(4), 1-9. https://doi.org/10.3208/sandf.36.4_1
Hettiarachchi, H., & Brown, T. (2009). Use of SPT blow counts to estimate shear strength properties of soils: Energy balance approach. Journal of Geotechnical and Geoenvironmental Engineering, 135(6), 830-834. https://doi.org/10.1061/(ASCE)GT.1943-5606.0000016
Jarushi, F., AlKaabi, S., & Cosentino, P. (2015). A new correlation between SPT and CPT for various soils. International Journal of Geological and Environmental Engineering, 9(2), 101-107.
Kalantary, F., Ardalan, H., & Nariman-Zadeh, N. (2009). An investigation on the Su-SPT-N correlation using GMDH type neural networks and genetic algorithms. Engineering Geology, 104(1-2), 144-155. https://doi.org/10.1016/j.enggeo.2008.09.006
Kara, O., & Gunduz, Z. (2010). Correlation between CPT and SPT in Adapazari, Turkey. In Proceedings of the 2nd International Symposium on Cone Penetration Testing (pp. 1-8). CPT'10.
Kennedy, C., & TrustGod, J. A. (2024). Comparison of SPT-N correlations for different geological formations in the Niger Delta region of Nigeria. Research Square. https://doi.org/10.21203/rs.3.rs-4602554/v1.
Khan, Z., Yamin, M., Attom, M., & Al Hai, N. (2022). Correlations between SPT, CPT, and Vs for reclaimed lands near Dubai. Geotechnical and Geological Engineering, 40, 4109-4120. https://doi.org/10.1007/s10706-022-02143-4
Kim, M., Okuyucu, O., Ordu, E., Ordu, S., Arslan, Ö., & Ko, J. (2022). Prediction of undrained shear strength by the GMDH-type neural network using SPT-value and soil physical properties. Materials, 15(18), 6385. https://doi.org/10.3390/ma15186385
Khodaparast, M., Rajabi, A. M., & Derakhshan, M. (2020). Development of practical correlations between cone penetration resistance and SPT values for various types of soils. Iranian Journal of Science and Technology, Transactions of Civil Engineering, 44(Suppl 1), 471-481. https://doi.org/10.1007/s40996-019-00319-2
Kulhawy, F. H., & Mayne, P. W. (1990). Manual on estimating soil properties for foundation design (Report No. EL-6800). Electric Power Research Institute.
Kumar, R., Bhargava, K., & Choudhury, D. (2016). Estimation of engineering properties of soils from field SPT using random number generation. Transactions of the Indian National Academy of Engineering, 1(2), 77-84. https://doi.org/10.1007/s41403-016-0012-6
Li, Y. (2013). Effects of particle shape and size distribution on the shear strength behavior of composite soils. Bulletin of Engineering Geology and the Environment, 72(3), 371-381.
Liao, S. S. C., & Whitman, R. V. (1986). Overburden correction factors for SPT in sand. Journal of Geotechnical Engineering, 112(3), 373-377. https://doi.org/10.1061/(ASCE)0733-9410(1986)112:3(373)
Lingwanda, M. I., Larsson, S., & Nyaoro, D. L. (2015). Correlations of SPT, CPT and DPL data for sandy soil in Tanzania. Geotechnical and Geological Engineering, 33, 1221-1233. https://doi.org/10.1007/s10706-015-9897-1
Mayne, P. W., & Kulhawy, F. H. (1982). K0-OCR relationships in soil. Journal of the Geotechnical Engineering Division, 108(6), 851-872. https://doi.org/10.1061/AJGEB6.0001306
Meyerhof, G. G. (1956). Penetration tests and bearing capacity of cohesionless soils. Journal of the Soil Mechanics and Foundation Division, ASCE, 82(SM1), 1-19. https://doi.org/10.1061/JSFEAQ.0000074
Meyerhof, G. G. (1957). Discussion on research on determining the density of sands by spoon penetration testing. In Proceedings of the 4th International Conference on Soil Mechanics and Foundation Engineering (Vol. 3, pp. 110-115). Butterworths Scientific Publications.
Mujtaba, H., Farooq, K., Sivakugan, N., & Das, B. M. (2018). Evaluation of relative density and friction angle based on SPT-N values. KSCE Journal of Civil Engineering, 22(2), 572-581. https://doi.org/10.1007/s12205-017-1899-5
Peck, R. B., Hanson, W. E., & Thornburn, T. H. (1974). Foundation engineering handbook. John Wiley & Sons.
Phoon, K. K., & Kulhawy, F. H. (1999). Characterization of geotechnical variability. Canadian Geotechnical Journal, 36(4), 612-624. https://doi.org/10.1139/t99-038
Robertson, P. K., & Campanella, R. G. (1983). Interpretation of cone penetration tests: Sands and clays. Canadian Geotechnical Journal, 20, 719-745. https://doi.org/10.1139/t83-079
Sabab, A. B., Islam, M. S., & Haque, M. N. (2022). Machine learning approach to predict the friction angle of silty sand from standard penetration test. Engineering Research Express, 4(3), 035018. https://doi.org/10.1088/2631-8695/ac7f49
Schmertmann, J. H. (1970). Static cone to compute static settlement over sand. Journal of the Soil Mechanics and Foundations Division, 96(3), 1011-1043. https://doi.org/10.1061/JSFEAQ.0001418
Schmertmann, J. H. (1975). Measurement of in-situ shear strength. In Proceedings of the ASCE Specialty Conference on In Situ Measurement of Soil Properties (Vol. 2, pp. 57-138). American Society of Civil Engineers.
Terzaghi, K., & Peck, R. B. (1967). Soil mechanics in engineering practice (2nd ed.). John Wiley & Sons.
Ullah, S., Khan, L., Hussain, B., Ullah, B., Ullah, I., Rahman, M. U., Khan, M. A., & Ahmad, I. (2025). Machine learning approach for the prediction of angle of internal friction of granular soils using SPT records. Engineering Research Express, 7(1), 015502. https://doi.org/10.1088/2631-8695/add858
Wang, J. J., Zhang, H. P., Tang, S. C., & Liang, Y. (2013). Effects of particle size distribution on shear strength of accumulation soil. Journal of Geotechnical and Geoenvironmental Engineering, 139(11), 1994-1997.
Wolff, T. F. (1989). Pile capacity prediction using parameter functions. In Predicted and observed axial behavior of piles (ASCE Geotechnical Special Publication No. 23, pp. 96-106). American Society of Civil Engineers.



image1.png
Latitude (Decimal Degrees)

6.00

575

550

525

5.00

475

450

425

Map of Nigeria

Rivers
state
srosc acne
Koere
*p« oyigbo
oka
| Degema
il
Teoena
imoLGA
P _w m,|mm suey ae
64 66 68 70 72 74 76 78 80

Longitude (Decimal Degrees)





image2.png
Term

Pareto Chart of the Standardized Effects
(response is 8, & = 0.05)

2262

Pracictor Name.

A Efectve Overburden pressure
8 Nt
c 050

Standardized Effect




