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Abstract

:

Engineers have created increasingly complex correlations based on laboratory and field tests. Over time, geotechnical engineering modeling techniques have evolved from simple analytical methods to complex numerical modeling techniques. Nomographs are traditional computational tools that have been widely employed in engineering. Combining nomographs with computational tools such as numerical models and machine learning algorithms can lead to better outcomes. Thus, this study aimed to develop a nomograph for geotechnical engineering that incorporates machine learning, specifically for the unit weight of soil. Four calibrated models were developed to determine the unit weight of soil: the moist unit weight of coarse-grained soil, the saturated unit weight of coarse-grained soil, the moist unit weight of fine-grained soil, and the saturated unit weight of fine-grained soil. An uncertainty test was conducted for the data used. Our results indicated a strong positive relationship to most of the models. The generated nomographs were tested in Malabon, a city in Metro Manila, where a low unit weight of soil was determined. This low unit weight was validated by the predominance of alluvial deposits and the shallow groundwater table, which soften and weaken the soil.
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1. Introduction


In the eighteenth century, advancements in basic soil testing techniques, such as visual inspection and manual testing, were developed. Significant geotechnical engineering advancements have occurred in earthworks and foundations, wherein they developed methods for constructing foundations in difficult soils [1]. Engineers also developed increasingly complex correlations based on laboratory and field tests. For example, based on laboratory testing, Terzaghi developed correlations between soil strength and parameters such as moisture content, void ratio, and over-consolidation ratio. These correlations were derived from historical laboratory or field data [2] and are typically processed by a model that can efficiently analyze and process this massive amount of data to identify trends, patterns, and statistical relationships. Over time, modeling techniques in geotechnical engineering evolved from simple analytical methods to complex numerical modeling methods [3]; as an outcome of this progress, modern geotechnical engineers have begun to use machine learning and artificial intelligence techniques to analyze large datasets and identify patterns and correlations that may not have been recognizable using traditional analysis techniques [4].



Nomographs are traditional computational tools that have been widely used in engineering, and they were invented in 1880 by Philbert Maurice d’Ocagne [5]. Nomographs were commonly used in numerous academic disciplines, including various fields in engineering.



Nomographs have applications in numerous engineering disciplines. In mechanical engineering, they aid in estimating crucial design parameters such as gear ratios and power transmission efficiency [6]. The visual representations of nomographs aid engineers in comprehending the complex variable interactions in mechanical systems, resulting in improved design decisions. Likewise, nomographs are utilized in chemical engineering for tasks such as material balance calculations, distillation, and heat exchanger design [7]. These tools enable engineers to rapidly estimate flow rates, temperatures, and chemical compositions, which is crucial for optimizing chemical processes. The graphical nature of nomographs facilitates the comprehension of the relationships between reactants, products, and process conditions.



Although nomographs have declined with the development of more advanced computational tools, they remain helpful in providing quick and accurate graphical calculations in specific situations where a portable calculator is required [8]. In this manner, nomography is still considered a valuable computational tool in academic settings since it provides a better understanding of complex formulas, how their variables are associated, and the sensitivity of the results to changes in those variables [9].



Many studies in civil engineering have utilized nomographs in construction [10,11,12,13], hydraulics and water resources [14,15,16,17,18,19,20], transportation engineering [21,22,23], and structural engineering [24,25]. In the construction industry, nomographs can be utilized for tasks such as determining concrete mix proportions, estimating material quantities based on project parameters, analyzing construction costs versus various variables, and optimizing resource allocation. Nomographs aid in designing water distribution systems, stormwater management plans, and flood control measures by assessing the relationships between variables such as flow rates, pipe sizes, and velocities in hydraulics and water resources. Nomographs are also valuable for transportation engineering for simplifying complex calculations and facilitating decision-making. These graphical charts allow designers to promptly assess relationships between various transportation parameters, such as vehicle speed, travel time, distance, and fuel consumption. Nomographs help optimize route planning, estimate travel costs, analyze traffic flow characteristics, and determine vehicle performance based on grade and load. In structural engineering, nomographs are helpful tools that simplify complex calculations and facilitate decision-making. Through using these graphical charts, engineers can evaluate relationships between various structural parameters, such as load, span length, material properties, and deflection. Nomographs can be used to determine suitable beam sizes, column capacities, and foundation dimensions, making them useful for preliminary design and quick calculations.



However, there have been limited studies on using nomographs in geotechnical engineering, creating a significant opportunity for their application in this field.



Despite being considered traditional in geotechnical engineering, nomographs are still relevant in spite of the advent of advanced computational tools such as numerical models and machine learning algorithms. These modern tools offer more precise solutions and additional insights into soil behavior. Recent studies have provided valuable insights into the application of machine learning in geotechnical engineering [26,27,28,29,30]. These contributions contribute to a deeper awareness of incorporating machine learning techniques in geotechnical engineering.



Combining nomographs with modern computational tools such as numerical models and machine learning algorithms can lead to even better results by allowing for a more comprehensive approach to solving complex problems. For this paper, a nomograph was developed for geotechnical engineering, specifically for the parameter of unit weight, in conjunction with machine learning. The developed nomograph was deployed in Metro Manila, Philippines, to provide valuable insights into soil behavior in this area.




2. Methodology


2.1. Data Collection and Cleansing


A systematic search was conducted to collect empirical data pertinent to the topic from previously published research papers to support the development of the geotechnical engineering nomograph. This entailed digitizing and organizing data from multiple sources to understand existing data and comprehensively improve future research [31]. To ensure the precision and applicability of the data, a calibration procedure was conducted to validate the collected data [32]. The required information included the author(s)’ names, a description of the soil, the location of the study, the number of data points, the unit weight, and the SPT N-Value. These empirical data were then used as inputs for the machine learning model and source data for the programming code.



The unit weight of soil is an essential factor in determining its bearing capacity. This weight is affected by several variables, including moisture content, particle composition, and degree of compaction [3]. Commonly, the soil is categorized as coarse-grained or fine-grained [3,33] (a sample is shown in Table 1), as well as moist unit weight and saturated unit weight [4,34]. Unit weight, expressed in kilonewtons per cubic meter (kN/m3), calculates total and effective stresses. However, unit weight information is typically not included in exhaustive geotechnical investigation data. Consequently, correlations are commonly employed to estimate the unit weight of the soil in each layer.



In determining the unit weight of soils, the general soil group to which the soil belongs is an essential factor. Soils are typically divided into two broad categories based on their characteristics: coarse-grained soils and fine-grained soils. Based on their properties, coarse-grained soils are further classified into several subcategories. Among these are GW (well-graded gravel), GP (poorly graded gravel), GM (silty gravel), GC (clayey gravel), SW (well-graded sand), SP (poorly graded sand), SM (silty sand), and SC (clayey gravel) (clayey sand). Similarly, fine-grained soils are subdivided into ML (silt), CL (clayey silt), OL (organic silt), MH (silty clay), CH (clayey sand), and OH (organic clay).



The drive cylinder method is a common technique for calculating the unit weight. This technique entails collecting an undisturbed soil sample on site and measuring its volume with a cylindrical instrument, typically a drive cylinder. The soil sample is then weighed to determine its moisture content. The bulk density of the soil is determined by dividing the soil’s moist mass by the sample’s volume. After determining the soil’s bulk density, the sample is dried in an oven to remove all moisture. After weighing the soil’s dry mass, the dry density is determined by dividing the dry mass by the sample volume, shown in Equation (1). Bulk and dry density are crucial parameters for calculating the unit weight of soil. Unit weight is simply the product of bulk density and gravitational acceleration, shown in Equation (2). Dry density and dry unit weight can also be determined using Equations (3) and (4).


   ρ t  =    M t   V   



(1)






   γ t  =  ρ t  ∗ g  



(2)






   ρ d  =    ρ t    1 + w    



(3)






   γ d  =  ρ d  ∗ g  



(4)




where V is the volume of the soil sample in cm3,    ρ t    is bulk density in g/cm3,    M t    is the mass of the soil specimen in g,       γ   d   γ t    is the dry unit weight, g is the acceleration due to gravity,    ρ d    is the dry density g/cm3, and    γ d    is the dry unit weight.



Another essential in situ test is the Standard Penetration Test (SPT), which provides valuable information for site investigation. The test involves driving a standard sampler with a 51 mm outer diameter and a 63.5 kg weight that falls freely from a 760 mm height into the soil. The first 150 mm of soil are discarded, and the following 300 mm are used for the test. N-value refers to the number of blows required to push the sampler through 300 mm of soil. When an SPT N-value reaches 50, a rock layer is encountered during drilling. Thus, a rock coring method may be required.



Based on the findings of previous studies, correlations between SPT N-value and soil unit weight were determined. These correlations were used to create geotechnical engineering-useful nomographs. The relationship between the SPT N-value and the unit weight of soil with the various classifications used for modeling is presented in Table 2.




2.2. Data Cleansing and Addressing Uncertainty


This study assumes the implementation of strict quality control measures during SPT field operations. This includes ensuring that the testing equipment is calibrated correctly, using standardized procedures, and adhering to established standards. Thus, it is assumed that the SPT N-value collected on site is reliable. However, data cleansing was performed. Data cleansing is an essential step in data management that involves the removal of inaccurate, corrupted, improperly formatted, duplicate, or incomplete data from a dataset. Multiple data sources can result in issues such as identical or incorrectly labeled data, making it essential to clean the data before storing or processing it. To ensure the integrity and acceptability of the dataset, the data must be processed and verified thoroughly. The data were checked on their consistencies in the reports, including identifying and rectifying errors, standardizing formats and labels, and eliminating irrelevant or incomplete data. Also included in the collected data are the equipment specifications, testing procedures, data collection process, and any identified limitations or uncertainties associated with each SPT test. This ensures transparency and allows other researchers or practitioners to comprehend and evaluate the SPT data’s reliability and implications. In addition, as stated in the local code, conducting multiple SPTs at each location or area can aid in addressing the problem of low repeatability. The test results’ variability and identifying any outliers or inconsistencies can be evaluated by taking multiple measurements. This results in a more accurate depiction of the subsurface conditions.




2.3. Modeling


Machine learning is a powerful data processing technique that automates model creation. Artificial intelligence is a subfield that enables systems to learn from data, recognize patterns, and make decisions with minimal human intervention. The significance of machine learning lies in its capacity to analyze large, complex datasets and generate more accurate, faster results on a massive scale, even when working with huge amounts of data.



In this study, regression models were utilized to determine the relationship between unit weight and SPT N-values, which required the manipulation of numerical data. The study employed numerous regression models, including tree, linear, quadratic, ensemble, and neural network models. Each of these models brought distinctive advantages, enabling us to better understand the underlying relationships between the parameters.



A tree model labels, records, and assigns variables to discrete classes; the tree model used in this study was constructed through a process known as binary recursive partitioning, which employs an iterative process of dividing the data into partitions, followed by further partitioning to achieve the desired accuracy rate. A neural network is a collection of algorithms that attempts to identify the underlying relationships in a dataset by simulating the human brain. Each input parameter is referred to as a “neuron”, and each neuron receives input values with assigned weights. The weighted inputs are then summed within the node, and an activation function is applied to obtain the results. In addition, the relationships in linear regression were modeled with linear predictor functions whose unknown model parameters were estimated from the data in linear and quadratic modeling. Lastly, for ensemble modeling, this model combines the predictions of multiple base estimators built with a given learning algorithm to improve generalizability/robustness compared to a single estimator.



Improving the performance of a model necessitates a comprehensive understanding of the used datasets. Researchers often divide their datasets into three portions: 70% for training, 15% for validation, and 15% for testing. This enables them to train the model on a sufficiently large dataset while reserving sufficient data for validation and testing.



Once the model has been trained on these data, it can be optimized via hyperparameter tuning. This involves adjusting various model parameters to find the optimal combination that yields the best results. By changing the model in this manner, higher levels of accuracy were achieved.



Validation datasets are an essential instrument for assessing the performance characteristics of a model. Coefficient of determination (R2) and root mean square error (RMSE) are frequently employed metrics for evaluating a model’s performance.



The coefficient of determination quantifies a statistical model’s ability to predict an outcome and is frequently used to evaluate the strength of the association between two variables. In a positive relationship, one variable tends to increase when the other variable increases. Higher values indicate a stronger relationship between the variables, shown in Table 3.



In contrast, the root mean square error uses Euclidean distance to measure the distance between the model’s predictions and the actual values. Lower values of the root mean square error indicate a better fit, indicating that the model can accurately predict the measured outcome.



In defining the architecture of a machine learning model, hyperparameters play a crucial role, and the process of determining the optimal set of hyperparameters is known as hyperparameter tuning. The primary goal of hyperparameter tuning is to determine the optimal values for these parameters, which can help to reduce error and enhance the overall performance of a trained model.



Several key hyperparameters were adjusted in this study to achieve optimal results. These included the number of layers for the neural networks, the polynomial degrees for linear models, and the number of models participating in ensembles. The winning model was identified by testing various hyperparameter values and comparing the resulting performance of the models.



MATLAB R2022b was this study’s primary programming language and numerical computing environment. As a proprietary programming language, MATLAB offers a variety of tools and features designed to facilitate data analysis, modeling, and visualization.



Data preprocessing tasks involving data manipulation, transformation, cleaning, and normalization, which are fundamental steps in preparing data for machine learning models, were performed using MATLAB. Due to its comprehensive collection of machine learning algorithms and regression-focused libraries, it was also utilized in model development. This allowed for the development and testing of various model constructions and training algorithms. Standard metrics such as RMSE and R2 were used to evaluate the performance of machine learning models utilizing MATLAB.



MATLAB also played a role in hyperparameter tuning, which optimizes algorithm performance by adjusting hyperparameters. Last but not least, the platform participated in deployment by integrating the chosen model into the existing syntax for automation purposes.




2.4. Addressing Uncertainty


Several steps are required to conduct a statistical uncertainty test and determine a confidence interval. Initially, it is essential to define the SPT dataset, ensuring that the variables of interest are specified precisely. Next, it is necessary to select the 95% confidence level, representing the desired certainty level for the interval.



The t-test is then followed by calculating relevant test statistics, such as comparing means and proportions.



The confidence interval can then be computed by adding and subtracting the margin of error from the parameter’s point estimate. This interval provides an estimate of the plausible range in which the actual parameter of the population exists with the desired level of confidence. Finally, context must be considered when interpreting the confidence interval.




2.5. Nomographs


Nomographs were created to represent the summary of calibrated empirical models established for unit weight and SPT N-Value. A nomogram is a collection of n scales, one for every variable in an equation. A standard nomograph depicts the relationship between variables and their respective scales; many of the earliest published nomographs were created empirically. The dependent and independent scales of delineated nomographs are shown in Table 4.



Nomographs are graphical devices that can be generated differently to solve mathematical equations. The first method involves Python programming and using code to create a nomograph. The second method is a computer-aided design (CAD) approach in which the nomogram is manually created using specialized software. The nomograph used in this study was created manually using AutoCAD 2023 software. The method required a graduated scale to precisely calibrate the divisions for both the dependent and independent parameters. This method ensured the precise alignment of these parameters on the nomograph, allowing for a trustworthy visual evaluation of their interrelationships.



Given the values of certain known variables, it is possible to determine the value of an unknown variable by aligning a straightedge (also known as an isopleth) across the known values on the scales and then reading the value of the unknown variable where the straightedge intersects the scale.



Please note that the findings and interpretations presented in this study are based on the assumption that Standard Penetration Test (SPT) field operations implemented strict quality control measures. These measures included correctly calibrating testing equipment, standardized procedures, and adherence to predetermined standards. Assuming that the SPT N-values collected on site are accurate, data cleansing was performed as a necessary step in data management. In addition to the collected SPT data, detailed information regarding equipment specifications, testing procedures, the process of data collection, and any identified limitations or uncertainties associated with each SPT test was included. Including such information is intended to increase transparency and permit other researchers or practitioners to comprehend and assess the validity and implications of the SPT data.




2.6. Case Study


This research was conducted in Metro Manila, the National Capital Region (NCR), which encompasses 619.57 square kilometers, as shown in Figure 1. Metro Manila consists of sixteen cities, which are further subdivided into 1690 barangays, and one municipality.



As the capital region of the Philippines, Metro Manila is the economic, cultural, and political hub.



In this study, the SPT N-value of selected locations and layers around Metro Manila were gathered and processed for the unit weight using the generated nomographs.





3. Results and Discussion


3.1. Data Collected


This study aims to estimate the unit weight of soil by analyzing data from multiple previously conducted studies. Several critical pieces of information must be included to ensure the collected data are organized and easily understood. These include the name(s) of the author(s), a detailed description of the soil according to the original research, the location of the study, the Standard Penetration Test (SPT) N-value, and the unit weight. The empirical data consists of 458 data points, shown in Table 5, which can be categorized into four groups: moist-coarse, moist-fine, saturated-coarse, and saturated-fines.



The dataset is classified according to soil type and water table depth. The first category consists of 158 data points and is named moist-coarse. These data points represent measurements from coarse-grained soils above the groundwater table, such as sand and gravel. The second category, moist-fine, consists of 120 data points. These data points represent measurements from fine-grained soils above the groundwater table, such as silt and clay. The third category, saturated-coarse, consists of 94 data points. Coarse-grained soils from below the groundwater table, such as sand and gravel, were sampled for these measurements. The fourth and final category is saturated fines, which contains 86 data points. These measurements were taken from fine-grained soils below the ground water table, such as silt and clay.




3.2. Models


Four (4) calibrated models were created to determine the unit weight of soil, which depends on the amount of water in the ground, soil type, and SPT N-value. These are the moist unit weight of coarse-grained soil (kN/m3), saturated unit weight of coarse-grained soil (kN/m3), moist unit weight of fine-grained soil (kN/m3), and saturated unit weight of fine-grained soil (kN/m3). Figure 2, Figure 3, Figure 4 and Figure 5 provide an overview of the machine learning models used in this study, each designed for a particular modeling approach. The first model, ML-ANN, uses an artificial neural network architecture to capture complex data relationships. The second algorithm, ML-Tree, uses decision tree models. The third method, ML-Linear Linear, uses linear modeling. The fourth, ML-Linear Quadratic, is a quadratic model-specific algorithm. Lastly, ML-Boosted uses ensemble learning, in particular, boosted tree models.



Above the groundwater table, the soil’s natural in situ unit weight is equivalent to its moist unit weight. Various data on moist unit weight were used and trained using machine learning techniques to develop models for predicting unit weight. Figure 2 demonstrates that, among competing algorithms, the neural network regression model is the most effective for coarse-grained soils, exhibiting a very strong positive relationship with an R2 value of 0.70.



Using parametric analysis, it was determined that there is an instantaneous increase in unit weight between N-values 0 and 15, indicating a range from extremely loose to loose. In addition, the unit weight increases gradually and consistently from N-values 15 to 50.



In this study, a new unit weight trend emerged. This trend deviated from the typical approaches of previous studies [4,31,34], which have primarily focused on the correlation of SPT N-values with the moist unit weight, which has increased steadily over time.



The new trend acknowledges a critical limitation in the models of previous studies, which fail to account for the case of an SPT value of “0”. When the SPT N-value is zero, previous models [4,34] demonstrated an intercept of 12.25 kN/m3 and 16 kN/m3, respectively. This method is deemed completely inaccurate because it must account for an SPT value’s absence.



The quadratic model won the competition among various models for determining the moist unit weight of fine-grained soils, as shown in Figure 3. The resulting model had a weak relationship (R2 = 0.16) due to the insufficient data collected. Even though the linear model was an option, its performance was inferior to the quadratic model’s. The proposed model adhered to the trend [4,33], which indicates a direct correlation between the SPT N-Value and unit weight. This relationship was attributed to the compaction of soil particles and the presence of water in the soil layer above the groundwater table [3]. As the N-Value increased, the relative density of the soil particles increased, leading to increased compaction and, ultimately, a greater unit weight.



The saturated unit weight parameter describes soil layers below the groundwater table in geotechnical engineering. In contrast, the unit weight parameter describes soil particles above the groundwater table. The saturated unit weight accounts for the added weight of the water caused by saturation, resulting in greater values for these soil layers. This contradicts the expectation that unsaturated soil layers would have a higher unit weight due to their lack of water saturation. According to trained models, most saturated soil layers below the water table are more compacted, resulting in greater unit weight. The minimum and maximum saturated unit weight values are 15.63 kN/m3 and 21.53 kN/m3, respectively.



The winning models for predicting the saturated unit weight were linear for the coarse-grained and fine-grained soil layers. The model for coarse-grained soil demonstrated a moderately positive relationship with an R2 value of 0.30. In contrast, the model for fine-grained soil showed a strong positive relationship with an R2 value of 0.61. The lower R2 value for the coarse-grained soil model compared to that of the fine-grained soil model suggests that the data are less sparse. Figure 4 and Figure 5 represent the models for predicting the saturated unit weight of coarse-grained and fine-grained soils using parametric analysis. Based on the SPT N-value, the saturated unit weight of a soil layer can be estimated using the linear relationship between the SPT N-value and the saturated unit weight [4,34].



Certain limitations apply to the models used to calculate the unit weight of soil layers. Specifically, these models only apply to SPT N-values ranging from 1 to 50. If the SPT N-value exceeds 50, this indicates refusal, which suggests the presence of rocks and the inapplicability of the models. Regarding Figure 2, Figure 3, Figure 4 and Figure 5, generally, ML models, such as tree, boosted, and neural network models, usually have strong relationship indications. However, these models were highly susceptible to overfitting because they followed the detail and noise in the training data to such an extent that it negatively impacted model performance. These overfitting models could not make accurate predictions on new data because they could not generalize from the training set to the test set.




3.3. Uncertainty Analysis


Using a T-test, this uncertainty analysis compares the mean raw unit weight to the mean predicted unit weight. The objective is to determine whether a statistically significant difference exists between the two variables. The mean raw unit weight was 17.95, while the predicted unit weight was 17.68. The calculated t-value, which measures the difference between the means in relation to the variance within the groups, was 1.607. The t-test’s p-value of 0.108027 indicated statistically significant evidence of similarity between the raw and predicted unit weights.



The raw unit weight had a standard deviation of 2.32, whereas the predicted unit weight had a standard deviation of 1.81. Additionally, the F-ratio was given as 1.66. As indicated by the p-value, based on the results of this uncertainty analysis, there was a statistically significant similarity between the raw and predicted unit weights, addressing the uncertainty.



Moreover, the confidence intervals and measures of spread and variability were analyzed to address the uncertainty in the data provided. Shown in Table 6, the confidence intervals encompass the mean SPT N-Value (between 27.96 and 28.25) and the mean Unit Weight (between 17.93 and 17.96), providing a range within which the true population means are likely to fall with a specified degree of confidence. These intervals account for sampling variability and measure the estimated values’ uncertainty. In addition, the variance (382.90) and standard deviation (19.57) of the SPT N-Value illustrate the variation and spread of the dataset. A more significant variance and standard deviation indicate that the SPT N-Value measurements are more uncertain or variable. A value near zero indicates approximate symmetry. Lastly, the large sample size of 69,723 allows for more precise estimates and narrower confidence intervals by reducing uncertainty. Nonetheless, carefully considering these metrics is essential when interpreting the results, as they provide insights into the data’s range, variability, and representativeness, thereby effectively addressing the uncertainty underlying the analysis.




3.4. Nomographs


Nomographs are a form of graphical representation created to summarize calibrated empirical models that were previously generated. The nomograph delineates both dependent and independent scales for these models. It is possible to determine several significant parameters by using only the SPT N-Value of a given soil layer and a nomograph. In utilizing the nomograph, it is assumed that the SPT N-value in the soil investigation report is reliable and has no uncertainty. Nomographs can provide a quick and easy visualization of on the soil strata’s strength, providing helpful information. Please note that because the utmost care has been taken to address uncertainties and ensure data reliability, it is essential to acknowledge that inherent uncertainties may still exist in the SPT results.



A nomograph can determine the moist and saturated unit weights of coarse-grained and fine-grained soils. Nomographs are especially useful because they can provide these values without on-site computing tools. These essential soil parameters can be determined quickly and easily by simply reading the appropriate values from the nomograph based on the given SPT N-Value. The delineated nomograph is shown in Figure 6.




3.5. Deploying the Generated Nomograph to Metro Manila, Philippines


Metro Manila, also known as the National Capital Region (NCR), is situated on the western coast of Luzon. It comprises sixteen cities and one municipality and is located on a floodplain exposed to various geohazards.



We considered a soil layer located 3 m below ground level in the city of Malabon. This layer consists of poorly graded sand (SP) and has an N-value of 10 on the Standard Penetration Test (SPT). The water table was determined to be 1 m below ground level. Figure 7 was used to determine the unit weight of this soil layer.



Due to its location beneath the groundwater table, the soil layer beneath the water table was considered to be the saturated soil layer. Additionally, the soil type is poorly graded sand, which belongs to the group of coarse-grained soils. Therefore, the nomograph that should be utilized in this scenario is the one for saturated coarse-grained soils. The unit weight of the soil was determined to be 15.44 kN/m3 using the generated nomograph.



For validation, the region’s soil is predominantly composed of alluvial deposits, sedimentary material transported and deposited by rivers and other bodies of water. Alluvial deposits consist of a mixture of clay, silt, sand, and gravel, and their characteristics vary based on their proximity to the sediment source. Additionally, some regions contain deposits of volcanic ash. Due to the region’s shallow water table, Metro Manila’s soil characteristics are influenced by alluvial deposits and the presence of water. The soil is typically soft, with low strength and rigidity.



The unit weight of soil is an essential design parameter in geotechnical engineering, as it is used to calculate the soil’s bearing capacity, settlement, and lateral earth pressures.



It is used in various geotechnical engineering designs, such as shallow and deep foundation designs, to determine the foundation’s bearing capacity, settlement, and soil pressure. In addition, it is utilized in the design of retaining walls to assess the lateral earth pressure exerted on the wall. The unit weight of the soil can be used to determine the importance of soil on a slope, which plays a crucial role in determining the stability of the slope. The unit weight of soil is also utilized when designing embankments, calculating the required slope angle and stability, and choosing the dynamic response of soil to seismic loads. In addition, it is used to determine the effort of compaction needed and density for a particular soil type. In conclusion, the unit weight of soil is an essential parameter that is used in geotechnical engineering designs alongside other soil parameters to determine the behavior of the ground under different loading and environmental conditions.




3.6. Further Validation


To determine the efficacy of the nomograph, unused data was examined. For example, the coordinates 14.683126 and 120.942258 for a location in Dampalit, Malabon City, were used. The obtained accuracy rate of 84% indicates that the estimated parameters and collected data are in good agreement. However, specific layers require improved accuracy. Nevertheless, this shows that the model and the predicted parameters have a reliable relationship. Given these findings, the nomograph can be a reference for future applications.





4. Conclusions and Recommendations


This study aimed to develop a geotechnical engineering-useful nomograph that incorporates machine learning, specifically for the unit weight parameter. Four calibrated models were developed to determine the soil unit weight based on various variables, including the soil’s water content, soil type, and SPT N-value. Included in these models were the moist unit weight of coarse-grained soil, the saturated unit weight of coarse-grained soil, the moist unit weight of fine-grained soil, and the saturated unit weight of fine-grained soil. Our results indicated a very strong positive relationship for the moist unit weight of coarse-grained soil, a weak positive relationship for the moist unit weight of fine-grained soil, a moderately positive relationship for the saturated unit weight of coarse-grained soil, and a very strong positive relationship for the saturated unit weight of fine-grained soil.



Nomographs were created to visually represent the empirical models for unit weight and SPT N-Value that were calibrated for the study. By aligning a straightedge across the scales and reading the unit weight values where it intersects, using these nomographs, it is possible to determine the unit weight values based on the SPT N-values. It should be noted, however, that these models and nomographs only apply to SPT N-values between 1 and 50. If the SPT N-value is greater than 50, it indicates refusal, which suggests the presence of rocks and renders the models/nomographs inapplicable.



The generated nomographs were tested in Malabon, a city in Metro Manila, where a low unit weight of soil of 15.44 kN/m3 was determined. This low unit weight is due to the predominance of alluvial deposits and the shallow groundwater table, which soften and weaken the soil.



According to this study’s findings, further research suggests that the delineation of subsurface parameters using SPT N-value can be considered. These parameters include the angle of internal friction and cohesion, which can be derived from the SPT N-value. Other geotechnical parameters, such as the expansion and compression indices, can also be specified. It should be noted, however, that these parameters require nomographs with other independent variables instead of relying solely on the SPT N-value. Finally, we recommend that, in the absence of MATLAB, other free programming languages, such as Python, should be utilized. Python is a flexible and widely-used programming language that offers a variety of libraries and tools for scientific computing and data analysis, making it a viable alternative for geotechnical modeling and analysis.
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Figure 1. Map of Metro Manila, Philippines. 
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Figure 2. Unit weight of coarse-grained soils above the groundwater table. 
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Figure 3. Unit weight of fine-grained soils above the groundwater table. 
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Figure 4. Unit weight of coarse-grained soils below the groundwater table. 
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Figure 5. Unit weight of fine-grained soils below the groundwater table. 
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Figure 6. Delineated nomograph for unit weight of soils. 
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Figure 7. Determination of unit weight using the generated nomograph. 
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Table 1. Correlation of unit weight and SPT N-Value [33].
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	SPT N-Value
	Unit Weight (kN/m3)





	0–4
	11.00–15.71



	4–10
	14.14–18.07



	10–30
	17.28–20.42



	30–50
	17.28–22.00



	>50
	20.42–23.56










 





Table 2. Correlations of SPT N-value and the unit weight of soil.
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Soil Layer

Location

	
Reference

Parameter

	
Correlating Parameter






	
Above Groundwater Table

	
SPT N-Value

	
Moist unit weight of coarse-grained soils




	
Moist unit weight of fine-grained soils




	
Below Groundwater Table

	
Saturated unit weight of coarse-grained soils




	
Saturated unit weight of fine-grained soils











 





Table 3. Interpretation of the Coefficient of Determination (R2).
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	Coefficient of Determination (R2)
	Interpretation





	>0.70
	Very Strong Positive Relationship



	0.40–0.69
	Strong Positive Relationship



	0.30–0.39
	Moderate Positive Relationship



	0.20–0.29
	Weak Positive Relationship



	0.01–0.19
	Negligible Relationship



	0
	No Relationship










 





Table 4. Dependent and independent scales of the delineated nomographs.
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Independent Scale

	
Dependent Scale






	
SPT N-Value

	
Moist unit weight (coarse-grained soils)




	
Moist unit weight (fine-grained soils)




	
Saturated unit weight (coarse-grained soils)




	
Saturated unit weight (fine-grained soils)











 





Table 5. Collected data.
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	No. of Data
	Description





	158
	Moist-coarse



	120
	Moist-fine



	94
	Saturated-coarse



	86
	Saturated-fine










 





Table 6. Confidence interval analysis.
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	Variable
	Mean
	Conf.
	Conf.
	Min
	Max
	Var
	Std. Dev.
	Conf. SD
	Conf. SD
	Coef. Var.
	Skewness





	SPT N-Value
	28.11
	27.96
	28.25
	1.00
	50.00
	382.90
	19.57
	19.47
	19.67
	69.62
	−0.04



	Unit Weight
	17.95
	17.93
	17.96
	13.10
	20.93
	5.37
	2.31674
	2.30
	2.33
	12.91
	0.00
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