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Abstract

Establishing a correlation between the Cone Penetration Test (CPT) and the Standard
Penetration Test (SPT) is of significant importance for geotechnical engineering practice.
A novel correlation between CPT-qt and SPT-N60 based on a genetic algorithm (GA) and
linear regression was proposed in this study. Based on the soil behavior type index (Ic), a
GA was first applied to divide the dataset into different Ic intervals. Subsequently, linear
regression was performed separately for the data in each interval to establish a correlation
between CPT-qt and SPT-N60. Concurrently, the Segmented Information Criterion (SIC)
was introduced to perform dual-objective optimization of complexity and prediction
accuracy. The results indicate that the proposed model achieved an R2 of 0.60 and an
RMSE of merely 8.10. Specifically, the R2 values improved by 33% and 5% compared
to the traditional models and the AI models, respectively. On the validation dataset,
the proposed model achieved an R2 of 0.67 and an RMSE of 4.33, demonstrating higher
accuracy compared to the traditional models. In summary, a method for investigating
the CPT-SPT correlation is proposed in this study, characterized by simplicity, efficiency,
and enhanced reliability. Additionally, a novel criterion (SIC) for mitigating overfitting
is introduced. These two research findings can provide more reliable input parameters
for SPT-based design, thereby supporting geotechnical engineering applications, and
offer a valuable reference for relevant studies in other regions.

Keywords: cone penetration test; standard penetration test; genetic algorithms; linear
regression

1. Introduction
The Standard Penetration Test (SPT) is a widely used method for evaluating the

geotechnical properties of soil layers. During the test, a 63.5 kg hammer is freely dropped
from a height of 76 cm to drive a standard split-spoon sampler into the soil stratum. The
penetration process is divided into three consecutive 30 cm increments, with the sum
of blow counts recorded during the second and third 30 cm increments defined as the
“N-value”. However, the N-value may be influenced by multiple factors, including the rod
length and energy transfer efficiency during testing. Therefore, the raw N-value should
be corrected to a normalized value. This corrected value is designated as N60, calculated
as follows:

N60 = N × (ERr/60) (1)
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where ERr is the rod energy ratio of the methodology [1,2].
The in situ engineering properties of soil strata are primarily evaluated through

the SPT, with relatively undisturbed samples being collected for subsequent laboratory
testing. The SPT has become a widely adopted in situ testing method for geotechnical field
investigations. A wide range of soil-related geotechnical design parameters have been
derived from the SPT, and extensive empirical relationships have been established based on
SPT results, which serve as guidance for geotechnical design and engineering practice [3].

The Cone Penetration Test (CPT) is an accurate and efficient in situ testing method
commonly used for obtaining continuous soil profiles. During the test, a cone-shaped probe
is advanced into the ground at a constant rate of approximately 2 cm/s while the cone tip
resistance (qc), sleeve friction (fs), and pore water pressure (u) are recorded. The specific
testing procedures are described in ASTM D5778 (2020) [4]. In soft clays and silts, as well
as in over-water operations, the measured qc must be corrected for the effect of pore water
pressure to obtain the corrected cone tip resistance (qt), which is calculated as follows:

qt = qc + u2 × (1 − a) (2)

where u2 is the pore water pressure at the base of the sleeve, and a is a parameter obtained
through laboratory calibration, typically ranging from 0.70 to 0.85. For sandy soils, qc is
equal to qt [5].

Due to its high reliability, excellent repeatability, standardized testing procedures,
and the ability to rapidly and conveniently obtain continuous soil profiles, the CPT is
increasingly becoming a preferred method for geotechnical investigations. However, the
relatively high cost limits its application in certain locations [6,7]. In contrast to the CPT,
the SPT is simple and low-cost. However, it is highly influenced by human operation and
soil heterogeneity, resulting in significant data dispersion and low repeatability, and it is
difficult to obtain reliable data in very soft soil layers [8].

Establishing correlations between the CPT and SPT is significant. Many of the empiri-
cal relationships in geotechnical engineering and reference values in design applications
are based on the SPT. If a reliable correlation can be established, CPT results can utilize
existing SPT-based formulas [3]. Additionally, the CPT offers excellent repeatability and
data continuity. Its precise correlation model effectively compensates for the limitations
of the SPT, such as high result variability and data discontinuity. Overall, in practical
applications, such correlation compensates for the respective limitations of both methods
while fully leveraging their advantages, thereby providing more reliable and cost-effective
solutions for regional geotechnical site investigation and design.

2. Background
It was initially discovered that a simple proportional correlation exists between SPT-N

and CPT-qc. According to Meyerhof (1965) [9], the following correlation applies to all
soil types:

N = qc/n (3)

where n equals to 0.4, with qc expressed in MPa and N in blows.
However, researchers stated that the value of n in the equation varies with soil type.

This suggests that the CPT-SPT correlation may vary with changes in soil conditions. For
example, Schmertmann (1970) [10] indicated that the value of n ranges from 0.2 to 0.4 for
silts, sandy silts, and slightly cohesive silt–sand mixtures; from 0.3 to 0.5 for clean fine to
medium sands and slightly silty sands; from 0.4 to 0.5 for coarse sands and sands with little
gravel; and from 0.6 to 0.8 for sandy gravel and gravel. And researchers such as Danziger
and Velloso (1995), Akca (2003), Kara and Gündüz (2010), Zhao and Cai (2015), and Alam
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et al. (2018) have also conducted in-depth studies and developed proportional equations
between SPT-N and CPT-qc for different soil types [3,11–14].

Meanwhile, some researchers have introduced linear equations based on the proportional
relationship, attempting to improve the accuracy of the correlation by adding an intercept
(Kara and Gündüz (2010), Shahri et al. (2014), Jarushi et al. (2015), and Hossain et al.
(2024)) [12,15–17]. For example, Akca (2003) established some equations, as presented in
Table 1 [3].

Table 1. qc/N correlation equation for different soil types by Akca (2003) [3].

Soil Type Correlation

Sand N = 3.13 × qc − 25.72
Silty sand N = 2.27 × qc − 11.57
Sandy silt N = 3.57 × qc − 6.25

In addition, some researchers have suggested that the correlation between the SPT and
CPT can be expressed as a function of the median grain size (D50) of the soil [18]. However,
D50 is typically obtained through particle size analysis tests, which require additional effort
and cost, and the lab results may also be affected by insufficient sample representativeness
and laboratory operational errors. Jefferies and Davies (1993) [19] were the first to propose
the concept of the soil behavior type index (Ic), which enables continuous characterization
of soil types and thus eliminates the need for soil sampling. Robertson and Wride (1998) [20]
modified the definition of Ic:

Ic =
[
(3.47 − log Q)2 + (log F + 1.22)2

]0.5
(4)

where Q and F are calculated as follows:

Q = (qt − σvo/Pa)×
(

Pa/σ′
vo
)n (5)

F = [ fs/(qt − σvo)]× 100% (6)

where σvo is the total overburden stress, and σ′
vo is the effective overburden stress. Since qt

is expressed in MPa, Pa is taken as 0.1 MPa.
Lunne et al. (1997) [21] adopted the definition of Ic given in Equation (4) and estab-

lished a correlation between the SPT-N and CPT:

(qc/Pa)/N60 = 0.85 × (1 − Ic/4.6) (7)

Robertson (2012) [22] updated the correlation in Equation (7):

(qc/Pa)/N60 = 10(1.1268−0.2817Ic) (8)

In addition to the aforementioned model types, some researchers have also developed
other types. In terms of prediction using soil parameters, apart from the commonly used
D50, Chin et al. (1990) [23] and Kulhawy and Mayne (1990) [24] proposed SPT–CPT
correlations related to the fine content (FC%) in soil samples, while Idriss and Boulanger
(2006) [25] proposed correlations associated with the relative density (Dr) of soil. Also,
Arifuzzaman and Anisuzzaman (2022) [26] investigated the correlations between fs and N.
Lu et al. (2023) [8] proposed a method for establishing the correlation between the SPT and
CPT in sandy soils based on Bayesian theory. Bol (2023) [5] proposed an exponential model
based on Ic. And Cheng et al. (2024) [27] developed an SPT-CPT relationship model using
the S-curve approach.
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In recent years, artificial intelligence (AI) technologies have been developed rapidly,
achieving extensive applications particularly in data-driven research domains. An increas-
ing number of researchers are adopting machine learning and deep learning models to
explore correlations between the CPT and SPT. Tarawneh (2017) [28] established an artificial
neural network (ANN) model for predicting SPT-N60 values based on the CPT. Al Bodour
et al. (2022) [29] developed a GEP model with enhanced N60 predictive accuracy. Bai et al.
(2024) [30] developed a convolutional neural network (CNN) model to predict the N-value.
Mehedi A. Ansary and Mushfika Ansary (2024) [31] applied five different approaches to
establish correlations between the SPT and CPT.

However, existing methods each have their limitations: Linear models and empirical
formulas typically have narrow applicability and insufficient generalization capabilities
in complex geological formations. For instance, some unified predictive functions fail
to adequately capture variations in the CPT-SPT correlation under differing geological
conditions. Meanwhile, traditional AI models suffer from a black-box nature, which limits
their practical application. These limitations highlight the need for methods that are not
only statistically robust but also practically adaptable to heterogeneous geological settings.

The objective of this study is to address the aforementioned issues and propose a
widely applicable, simple, and reliable research method for establishing the CPT-SPT
correlation in engineering practice. First, the advantageous analytical capability of the
genetic algorithm (GA) is employed to divide the dataset based on Ic, identifying the linear
relationships between N60 and qt within different Ic ranges. The objective is to employ a
data-driven approach to replace empirical methods, thereby assigning data with a similar
CPT-SPT correlation to the same interval. Subsequently, linear regression is performed
to establish the CPT–SPT correlation between N60 and qt for each interval. The GA is
employed exclusively during the model development phase. Consequently, the final result
is presented solely in the form of simple linear models, effectively circumventing the
broad applicability challenges associated with conventional black-box machine learning
approaches. Moreover, this study introduces a novel Segmented Information Criterion
(SIC) to balance model complexity and predictive accuracy, thereby mitigating overfitting
and offering a fresh perspective for related research.

3. Datasets
A dataset of 896 CPT-SPT pairs was utilized for model development in this study.

These data were collected by Zhou et al. (2021) [32] from 230 locations across the South
Island of New Zealand. All paired SPT and CPT data points in the dataset were acquired
within 12 m horizontal spacing at each testing location. As CPT measurements are typically
recorded at 20 mm depth intervals, each 300 mm SPT interval contains at least 15 CPT
measurement points. The arithmetic mean of the CPT values within each 300 mm interval
is calculated as the representative value for that interval, which is then paired with the
corresponding SPT value. And the qc was corrected to qt to account for pore water pressure
effects. Figure 1 illustrates the distribution of parameters for the dataset, including qt,
Ic, N60, and (qt/Pa)/N60. Measurements with qt values below 20 MPa account for 89%
of the total dataset, while 87% of the (qt/Pa)/N60 ratios are below 10. This indicates the
concentration of both parameters in relatively low numerical ranges. The distribution of Ic

approximates a normal distribution but exhibits a certain degree of left skewness. For N60,
a consistently decreasing pattern is observed across the dataset.
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Figure 1. Distribution of qt, Ic, N60, and (qt/Pa)/N60 in the original dataset.

Table 2 presents the soil behavior types defined by different Ic values proposed by
Robertson (2015) [33], along with the corresponding counts of each soil behavior type in
the dataset according to this classification criterion.

Table 2. Summary of soil behavior type in this dataset.

Soil Behavior Type Ic Counts

Organic soils—clay >3.60 2
Clays—silty clay to clay 2.95–3.60 64

Silt mixtures—clayey silt to silty clay 2.60–2.95 100
Sand mixtures—silty sand to sandy silt 2.05–2.60 199

Sands—clean sand to silty sand 1.31–2.05 499
Gravelly sand to dense sand <1.31 32

Total number of samples 0.86–4.54 896

Preliminary analyses indicate that the dataset in this study exhibits Ic values ranging
from 0.86 to 4.54 (as shown in the last row of Table 2), with the dataset being predominantly
composed of coarse-grained soils (Ic < 2.60), including silt mixtures, sand mixtures, sands,
and gravelly sand to dense sand. Therefore, the proposed model is expected to demonstrate
stronger applicability to such soil types.

Identification of outliers is a critical step in data analyses and model construction
and is also essential for optimization of model performance. If outliers are not properly
filtered before the model construction process, they may adversely affect predictive
performance and stability of the model [27,29]. In this study, the box plot method was
employed for data screening [34]. Figure 2 visually demonstrates outlier representation
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within box plots, which characterize data distributions through the lower quartile (Q1),
upper quartile (Q3), and median. Data points beyond 1.5 times the interquartile range
(IQR, calculated as Q3 − Q1) are considered outliers; specifically, they refer to values
below Q1 − 1.5 × IQR or above Q3 + 1.5 × IQR.

 
Figure 2. Schematic of box plot method.

(qt/Pa)/N60 was employed as the screening parameter due to its comprehensive repre-
sentation of both qt and N60 distributions in this study [5]. The calculated outlier range was
determined as values below −2.96 or exceeding 13.04. Given that (qt/Pa)/N60 values are
inherently positive in practice, only data points exceeding 13.04 were identified and removed.
Figure 3 illustrates this outlier screening process, where open circles denote outliers. After
the data screening process, 834 validated data pairs were obtained, with 62 data pairs being
excluded during screening. These pairs formed the dataset for model development.

 
Figure 3. Illustration of data screening process based on the box plot method.

Pearson correlation analyses were performed on the screened dataset to select appropriate
features for subsequent linear model development. The Pearson correlation coefficient (r) is a
statistical measure used to quantify the degree of linear correlation between two variables,
with values ranging from −1 to 1. A value of 1 or −1 indicates an ideal positive or negative
linear correlation, respectively, while a value of 0 indicates the non-existence of a linear
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https://doi.org/10.3390/app16010440


Appl. Sci. 2026, 16, 440 7 of 22

correlation. In general, an absolute value of |r| greater than 0.70 indicates a strong linear
correlation [35]. Figure 4 presents a heatmap of Pearson correlation coefficients among the
features in the dataset.

Figure 4. Pearson correlation between CPT and SPT parameters.

In this study, the linear association strengths between each feature (depth, qt, fs, and Ic)
and the N60 value were systematically evaluated. Pearson correlation analyses revealed
that qt exhibited a correlation coefficient of 0.73 with N60, indicating a significant linear
correlation (|r| > 0.7). In contrast, Ic and fs demonstrated moderate linear correlations
with N60, respectively (r = −0.60 and r = 0.55, respectively; 0.5 ≤ |r| < 0.7). Further
analyses identified a strong negative correlation between qt and Ic (r = −0.76) and a strong
positive correlation between qt and fs (r = 0.71). This implies that including qt, Ic, and
fs simultaneously as input variables in subsequent linear regression model construction
would cause severe multicollinearity, as the information contained in Ic and fs is largely
represented by qt, resulting in a high degree of overlap in the information among them.
Consequently, it becomes difficult to identify the independent contribution of each variable,
leading to inaccurate coefficient estimation.

In addition, fs is generally considered less reliable than qt [16]. While directly
incorporating fs as an input variable could increase the information content, it may
also introduce additional errors, thereby weakening the generalization capability of
the proposed model. Therefore, this study employs Ic (calculated from qt and fs) as
the criterion for data division rather than directly using fs as an input variable. This
approach indirectly utilizes information from fs while avoiding the direct introduction of
its measurement errors into the model.

Therefore, qt was retained as the sole feature in the model construction. The CPT-SPT
correlation within each Ic interval is therefore defined as follows:

N60 = k × qt + b (9)
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where k and b are undetermined coefficients that need to be determined through data fitting
within each Ic interval.

4. Methodology and Model Development
4.1. Genetic Algorithm (GA)

After completing the preliminary analyses and preprocessing of the dataset, GA was
employed as the primary analytical tool to further explore the linear relationships in the data.

GA is an optimization algorithm inspired by the principles of natural selection and
genetic mechanisms, and it is widely used to solve complex optimization problems. Figure 5
illustrates the general workflow of the GA [36].

Figure 5. The workflow of the genetic algorithm.

Given the complex soil conditions, the CPT-SPT relationship may exhibit significant
variations across different soil types. Ic is a parameter that comprehensively reflects soil
characteristics. In this study, the GA is specifically tailored to enhance the prediction of N60.
By using the GA to divide the data into different Ic intervals, datasets exhibiting similar
CPT-SPT relationships can be maximally grouped within the same Ic interval. Figure 6
illustrates the specific GA workflow implemented in this study, which consists of the
following steps:

• Multiple Ic interval division methods are systematically generated.
• The predictive performance of each method is quantitatively evaluated based on fitting

accuracy metrics.
• The Ic interval division method with the lowest prediction errors is identified and

selected as the optimal method.

 

Figure 6. GA-based optimization process for Ic interval division.
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The core parameters of the GA in this study are set as follows: The population size is
set to 400 individuals. For selection, the fast non-dominated sorting and crowding distance
comparison mechanism from the Non-Dominated Sorting Genetic Algorithm II (NSGA-II)
is adopted. The crossover and mutation rates are set to 0.7 and 0.3, respectively. The
algorithm terminates after 30 generations, which serves as the stopping criterion. Moreover,
the GA ensures the monotonicity of interval boundaries and the non-overlapping nature of
intervals through three mechanisms: individual initialization, boundary repair functions,
and fitness evaluation. Through this methodology, more precise linear regression models
can be developed for each interval.

4.2. Segmented Information Criterion (SIC)

Excessive data divisions may result in insufficient data volume within individual Ic

intervals, potentially causing overfitting to the training data that compromises predictive
performance on unseen data. Conversely, insufficient divisions fail to adequately capture
different linear relationships of the dataset. An overly small number of intervals would
result in data within the same Ic interval not necessarily sharing similar relationships,
which would in turn reduce the predictive accuracy of the model for N60. Consequently,
determining an appropriate number of Ic intervals is important. A dual-objective frame-
work balancing predictive accuracy against model complexity is necessitated, wherein the
optimal number of intervals is determined through the identification of an equilibrium
point using quantifiable metrics.

In previous studies, the Akaike Information Criterion (AIC) and Bayesian Informa-
tion Criterion (BIC) are conventionally employed to balance model complexity against
predictive performance for optimal model selection [37]. However, these criteria solely
penalize the number of parameters in a model rather than being designed to account for
division quantity. Consequently, the Segmented Information Criterion (SIC) is proposed as
an evaluation metric to balance model complexity and predictive accuracy. Minimizing
the SIC indicates an optimal balance between these objectives, with its expression defined
as follows:

SIC = α × RMSE + β × m + γ ×
m

∑
i=1

1
ni

(10)

where m is the number of Ic intervals, ni is the number of data points within the i-th Ic

interval, and α is the weighting factor for the influence of prediction accuracy, while β and
γ are constraint weights controlling, respectively, the number of intervals and the amount
of data in each interval. γ is incorporated to ensure adequate data points in each interval.

And the Root Mean Square Error (RMSE), a statistical metric quantifying prediction
error magnitude, is calculated as follows:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (11)

where n is the total number of data points, which equals 834 in this study. yi is the actual value,
and ŷi is the predicted value of the model. A smaller RMSE value indicates higher prediction
accuracy of the model, whereas a larger RMSE value reflects lower prediction accuracy.

The determination of the weighting coefficients α, β, and γ governs the number of
Ic intervals in model development. Initially, normalization is applied to the RMSE, the
number of intervals m, and ∑m

i=1
1
ni

to ensure these three features are evaluated on a unified
scale. Normalization is a linear transformation process where the minimum value is scaled
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to 0, the maximum to 1, with all other values proportionally distributed between 0 and 1,
with the formula defined as follows:

X′ =
X − Xmin

Xmax − Xmin
(12)

where X′ is the normalized data, X is the original data, and Xmax and Xmin are the maximum
and minimum values in the dataset, respectively. Xmax − Xmin functions as the scaling
factor utilized to transform the original data range to [0,1].

Following the normalization of the initial data of these three features, through empiri-
cal analysis and repeated trials, the values assigned to αstandard, βstandard, and γstandard for
the normalized RMSE, m, and ∑m

i=1
1
ni

are determined as 1, 2, and 1, respectively.
The values of αstandard, βstandard, and γstandard are based on the normalized data of the

RMSE, m, and ∑m
i=1

1
ni

. To ensure interpretability within the original data dimensions, these
normalized features must be inversely transformed back to their native scales prior to SIC
computation. Concurrently, the standardized parameters αstandard, βstandard, and γstandard

are rescaled according to the respective scaling factors of the RMSE, m, and ∑m
i=1

1
ni

to align
with native data dimensions. For instance, the scaling factor conversion for α and the RMSE
is implemented as follows:

ScaleRMSE = RMSEmax − RMSEmin (13)

where ScaleRMSE is the scaling factor for the RMSE during data normalization, and
RMSEmax and RMSEmin are the maximum and minimum values of the RMSE in the
original dataset, respectively.

Therefore, α is computed for the native-scale RMSE as follows:

α = αstandard × ScaleRMSE (14)

The values of α, β, and γ are determined as 1.08, 0.07, and 0.75, respectively. Consequently,
the formulation of SIC in this study is defined as follows:

SIC = 1.08 × RMSE + 0.07 × m + 0.75 ×
m

∑
i=1

1
ni

(15)

Following the determination of the SIC computational framework, the dataset was
initially divided into m Ic intervals with equivalent initial data volumes, where m denotes
the predefined number of intervals. Starting from initial Ic interval boundaries, iterative
optimization was performed where each cycle was dedicated to group CPT-SPT data
with similar linear relationships into identical Ic intervals. All possible interval division
schemes were comprehensively explored, and the Ic boundaries that yielded the highest
N60 prediction accuracy were determined.

Figure 7 presents the RMSE between the estimated and measured N60 values for the
entire dataset under each predefined number (m) of intervals, as well as the SIC computation
results obtained under the corresponding division conditions.

As illustrated in Figure 7, finer data division corresponds to a lower RMSE, indicating
reduced prediction errors. This demonstrates a positive correlation between the number of
Ic intervals and the prediction accuracy of the model. However, the lowest SIC value of 9.05
was achieved at four intervals, indicating an optimal balance between model complexity
and predictive accuracy. This indicates that exceeding four Ic intervals leads to overfitting
in the established model. In another words, although the models constructed by dividing
the data into more than four Ic intervals may achieve higher N60 prediction accuracy on
data from the South Island of New Zealand, their predictive capability in datasets from
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other regions will conversely be lower. In Section 4.3, data from other regions were utilized
to validate the reliability of the SIC.

Figure 7. Comparison of RMSE and SIC for different number of Ic intervals.

4.3. Validation of the SIC

To validate the effectiveness of the SIC in mitigating model overfitting, in-depth
analyses were conducted using 42 sets of CPT-SPT data from two other regions [5,37] in
this study. The new dataset was not used in the model development process described in
Section 4.2. The distribution characteristics of the parameters in the newly used dataset are
presented in Table 3.

Table 3. Statistical characteristics of the new dataset for validation.

Soil Behavior Type Counts Variables Maximum Minimum Means Standard Deviation

Sands 10
qt (MPa) 27.30 4.11 10.03 6.87

Ic 1.93 1.44 1.69 0.17
N60 36.85 10.00 16.34 8.20

Sand mixtures 2
qt (MPa) 3.62 3.51 3.57 0.08

Ic 2.44 2.06 2.25 0.27
N60 9.45 9.40 9.43 0.04

Silt mixtures 10
qt (MPa) 3.15 0.63 1.43 0.92

Ic 2.89 2.63 2.79 0.09
N60 20.00 0.92 7.62 7.21

Clays 20
qt (MPa) 1.64 0.31 0.70 0.34

Ic 3.35 2.95 3.12 0.12
N60 15.00 1.00 4.65 3.91

Since models with different numbers of Ic intervals have already been established in
Section 4.2, these models were validated using the new dataset in this section. Specifically, the
models developed based on South Island of New Zealand data are applied to the new datasets
for N60 prediction. To comprehensively assess the capability of the models, the R2 metric is
introduced. R2 is a statistical measure that represents the proportion of the variance in the
dependent variable that is explained by the independent variables, serving as an essential
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indicator of the robustness of a regression model. Generally, the closer the R2 value is to 1, the
better the model fits the data. It can be calculated using the following equation:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (16)

where n is the total number of data points, yi is the measured values, ŷi is the estimated
values, and yi is the mean of all measured values.

By comparing the R2 and RMSE of each model, the model with the best prediction
accuracy on data from other regions can be identified. Specifically, models established in
Section 4.2 by dividing the data into 2 to 30 Ic intervals were validated using unseen data.
If the model constructed with four Ic intervals achieves the highest prediction accuracy, it
will demonstrate the effectiveness of the SIC.

Figure 8 presents a comparison between the estimated and measured values from the
models with different numbers of intervals. Since the R2 of the models established with
more than five Ic intervals gradually decreases on the new dataset, only the models built
under the first four division scenarios are shown in Figure 8 for comparison.

  

  

Figure 8. Comparison of predictive accuracy among different models with different numbers of
Ic intervals.

It can be observed that the model built with four Ic intervals achieves the best pre-
dictive performance on the data from other regions, with an R2 of 0.67. This validates the
effectiveness of the SIC in mitigating model overfitting. Due to the limited size of the vali-
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dation dataset, the SIC coefficient values may require further optimization for application
in other regions.

4.4. Model Development

Based on the findings in Section 4.3, this section will elaborate on the model construc-
tion process for Ic division into four intervals, as described in Section 4.2.

Figure 9 reveals a significant decline in the RMSE during initial iterations, indicating
rapid error convergence in the early optimization phase. Beyond the 8th iteration, the RMSE
curve was observed to be flat with diminished fluctuation magnitude, and the change in
the RMSE was less than 0.1%, demonstrating the approach to optimization stability.

Figure 9. Variation in RMSE during GA iterations.

Figure 10 documents the evolutionary transition from initial to final Ic boundary
values. In Figure 10a, the primary objective of the initial equal-interval division method is
to achieve mathematical simplicity. Ultimately, when the Ic intervals are defined as [0.860,
1.426, 1.858, 2.212, 4.540], the model achieves its minimum RMSE of 8.10. In Figure 10b, the
number of data points in the Ic range of [1.426, 1.858] is 348, which is the largest, while that
in the interval [0.860, 1.426] is 59, which is the smallest. The variation in the number of data
points across the optimized Ic intervals is an expected and intentional outcome of the GA
optimization process. Intervals that exhibit a strong and consistent linear relationship (e.g.,
[1.426, 1.858]) are expanded to incorporate more homogenous data points, resulting in a
higher count. Conversely, intervals with weaker or more scattered correlations (e.g., [0.860,
1.426]) are reduced to isolate a more consistent division, leading to fewer data points. This
data imbalance reflects the complexity of actual soil conditions.

Figure 11 displays the linear relationships within each Ic interval while simultaneously
presenting the direct linear function for the raw data without preprocessing. As indicated
by the arrow, the equation N60 = 0.097(qt/Pa) + 8.70 is represented by a short dash–dot
line in Figure 11.

The findings clearly indicate that the data in different intervals exhibit pronounced
linear relationships, with RMSE values for the four functions ranging from 7.43 to 8.85. It is
noted that all these values are lower than the RMSE of 9.69 obtained from the direct linear
function. Although four distinct equations were used for N60 estimation, each data point
corresponds to a uniquely predicted value. Figure 12a shows the comparison between all
estimated and measured N60 values.
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Figure 10. (a) The initial equal-interval division method. (b) The final interval division method by GA.

Figure 11. Linear fitting equations across different Ic intervals.
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Figure 12. (a) Comparison between estimated and measured N60 values of the proposed segmented
model. (b) Comparison between estimated and measured N60 values of the direct linear function.

In contrast, the direct linear function applied to the raw dataset yielded an R2 of
0.42 between estimated and measured N60 values, lower than the accuracy achieved
by the proposed model. Comparative analyses of Figure 12a,b reveal that the direct
linear function was observed to significantly overestimate measured values when
N60 < 10, whereas the proposed model eliminated this bias. N60 predictions within
the low range (N60 < 10) are predominantly governed by function intercepts rather than
linear coefficients; 93% of data in this N60 range are concentrated within the Ic intervals
[1.858, 2.212] and [2.212, 4.540]. Within these intervals, the intercepts established for the
proposed model are specified as 2.22 and 3.38, respectively. Lower N60 predictions are
consistently produced by the proposed model than those generated by the function with
an intercept of 8.70 (Figure 12b). This comparison demonstrates that the GA enables more
effective extraction of inherent data relationship through Ic interval division, identifying
intervals where CPT-qt and SPT-N60 exhibit similar linear relationships. Consequently,
the capability to predict N60 from qt is substantially enhanced.
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5. Comparison and Validation
5.1. Comparison with Artificial Intelligence (AI) Models

Two typical AI algorithms (Random Forest Regression and artificial neural network) are
introduced to construct CPT-SPT correlation models. These models are then compared with
the proposed model to validate its advantages in simplicity and prediction performance.

Random Forest Regression (RF) is an ensemble learning method that constructs multi-
ple decision trees for prediction and averages their outputs to obtain the final result [38].
Key hyperparameters of the RF model in this study were optimized using Optuna, with the
goal of maximizing the R2 score during hyperparameter tuning. Bootstrap sampling was
also incorporated to enhance variability in the training process. The optimal combination
of parameters included a small ensemble of three trees with a maximum depth of 3. The
minimum number of samples required to split a node and form a leaf was set to four, while
the maximum number of leaf nodes was limited to six. Artificial neural networks (ANNs)
are computational models inspired by biological neural networks, consisting of multiple
layers of neurons, including an input layer, one or more hidden layers, and an output layer.
By adjusting the weights and biases, ANNs are capable of capturing complex nonlinear
relationships within data [39]. In this study, a feedforward neural network was developed,
consisting of an input layer, two hidden layers, and an output layer. The first hidden layer
contains 16 neurons, while the second hidden layer contains 8 neurons. Both hidden layers
utilize the ReLU activation function. To mitigate the risk of overfitting, a dropout layer
with a rate of 0.01 was incorporated after the first hidden layer. The network weights were
updated using the Adam optimizer with an initial learning rate of 0.01. Additionally, the
ReduceLROnPlateau learning rate scheduler was employed, with a reduction factor of
0.1 and a patience parameter of 10. The model was trained using a batch size of 32 for a
maximum of 1000 epochs. An early stopping mechanism was also implemented to prevent
overfitting and ensure efficient training.

In this study, the filtered dataset from the South Island of New Zealand was used to
develop prediction models based on RF and an ANN, with qt, fs, Ic, and depth as the input
features and N60 as the output. During the modeling process, the data across the training
and test sets is first ensured to be identical for both methods by fixing the random seed.
The performance of both models was validated on the identical testing set and compared
with the proposed model, as presented in Figure 13.

Figure 13 demonstrates the advantages of the proposed model compared with the
above two AI-based models; utilizing only two core parameters (qt and Ic), the proposed
model achieves higher predictive accuracy. Specifically, an R2 value of 0.58 was attained
between estimated and measured N60 values on the testing set of the proposed model,
surpassing the RF model with R2 = 0.53 and ANN model with R2 = 0.55. In this study, the
Diebold–Mariano (DM) test was also employed to compare the performance differences
among models [40]. Specifically, the predictive accuracy of the proposed model was
compared against the ANN and RF models. The results indicate that the DM statistic for
the ANN model compared with the proposed model is 2.13, corresponding to a p-value
of 0.033; the DM statistic for the RF model compared with the proposed model is 2.83,
corresponding to a p-value of 0.005. Since both p-values are less than the conventional
significance threshold of 0.05, the differences in prediction errors are statistically significant.
This demonstrates that the proposed model developed exhibits significant differences in
predictive performance compared to both the ANN and RF models. Moreover, as both DM
statistics are positive, this indicates that the error of the ANN and RF exceeds that of the
proposed model.

This may be because AI-based models typically possess the ability to uncover complex
relationships, but this also means they are more susceptible to fitting random noise. There-
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fore, they may learn this noise as meaningful patterns, resulting in poor generalization
capabilities. The efficient and transparent modeling approach in this study not only sim-
plifies model complexity but also outperforms traditional black-box algorithms in terms
of performance, highlighting its potential advantages in both practical applications and
theoretical research. These AI models may not be the most advanced solutions, but they
serve as key benchmarks to evaluate the practicality of our approach.

 

 

 
Figure 13. (a) Comparison between estimated and measured N60 values of the proposed model.
(b) Comparison between estimated and measured N60 values of the RF model. (c) Comparison
between estimated and measured N60 values of the ANN model.
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5.2. Comparison with Traditional Models

To comprehensively evaluate the performance and applicability of the proposed model,
a systematic comparison was conducted with established models from the literature. Since
the models developed by Lunne et al. (1997) and Robertson (2012) [21,22] can predict N60

for all soil types and have been widely applied, they were selected for comparison. A
comparison between the estimated and measured values for both methods is presented
in Figure 14. The Lunne et al. (1997) [21] model yielded an R2 of 0.45 and an RMSE of
9.46, while the Robertson (2012) [22] model yielded an R2 of 0.37 and an RMSE of 10.11.
Both traditional methods exhibit substantially greater dispersion compared to the proposed
model, which achieves an R2 of 0.60. Additionally, in comparison with the models proposed
by Lunne et al. (1997) and Robertson (2012) [21,22], the DM statistics were 6.90 and 7.76,
respectively, with corresponding p-values approaching 0 and significantly less than 0.05.
These results indicate that the differences in prediction errors between the proposed model
and the traditional models are statistically significant.

 

 
Figure 14. (a) Comparison between estimated and measured N60 values of the Lunne et al. (1997)
model [21]. (b) Comparison between estimated and measured N60 values of the Robertson (2012)
model [22].

The reasons for the poor performance of these two traditional models may be as
follows: The Lunne et al. (1997) model [21] was developed by modifying the Jefferies and
Davies (1993) model [19], which established a proportional relationship between qc/N and
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Ic. This assumption of proportionality may represent an oversimplification, potentially
neglecting nonlinearities between qc/N and Ic. Lunne et al. (1997) [21] merely refined the
coefficient of the Jefferies and Davies (1993) model [19] without making any fundamental
changes. Consequently, the Lunne et al. (1997) model [21] may likewise fail to capture
the complex interrelationships among N, qc, and Ic. The Robertson (2012) model [22] also
exhibited deviation in prediction of N60. This deficiency may be attributed to its derivation
process: the model was formulated through mathematical optimization of existing CPT-SPT
correlations without subsequent independent validation.

From the above discussion, it can be concluded that the traditional methods exhibit
significantly lower predictive performance on the current dataset compared with the linear
models based on Ic interval division proposed in this study. Although the dispersion of
the prediction results from the proposed model has not been completely eliminated, a
substantial improvement in prediction accuracy has been achieved, indicating that complex
relationships within the data have been effectively captured. Under complex geological
conditions, the predictive results of the proposed model more closely align with measured
values, providing a more reliable basis for future engineering applications.

5.3. Comparison of Different Models on Data from Other Regions

Further analyses are conducted using data from other regions mentioned in Table 3
of Section 4.3, in order to compare the model proposed in this study with other models
in new scenarios. Figure 15 presents a comparison of the prediction results from three
methods, including the Lunne et al. (1997) model, Robertson (2012) model, and proposed
model [21,22].

 
Figure 15. Comparison between estimated and measured N60 values from the models of Lunne et al.
(1997), Robertson (2012), and this study [21,22].

It can be observed that the model proposed in this study achieves a higher R2 (0.67)
compared to other traditional models (0.58 and 0.59), demonstrating its superior predictive
accuracy. In conclusion, the proposed model exhibits better agreement between estimated
and measured values, providing preliminary validation of its applicability in other regions.
However, this model is based on the relationships within a specific regional dataset. It is
essential that users conduct thorough evaluation and validation to ensure the reliability
and applicability of the model in other regions.
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6. Conclusions
The Cone Penetration Test (CPT) and Standard Penetration Test (SPT) are two widely

utilized in situ testing methods in geotechnical engineering. Establishing correlations
between them is important for engineering applications. This study aims to develop a
novel method in this field. In this study, a GA-based simplified linear model between the
CPT and SPT was proposed. The dataset was first divided into different Ic intervals using a
GA, after which linear regression models between CPT-qt and SPT-N60 were developed for
each interval. Practitioners can use the qt and Ic data obtained from the CPT to calculate
and apply SPT-based design methods through the proposed model. The conclusion of this
study is given below:

• The novel Segmented Information Criterion (SIC) is introduced in this study for
dual-objective optimization, in which predictive accuracy is balanced against model
complexity. The SIC enables quantification of the equilibrium point between these
objectives through a unified metric. The weighting coefficients within the SIC were
determined by normalizing the South Island of New Zealand dataset, subsequently
identifying four Ic intervals as optimal. The introduction of the SIC offers a fresh
perspective for future research, enabling a balance between predictive accuracy and
model complexity to mitigate the risk of overfitting.

• The powerful search capability of the GA was creatively combined with the simplicity
of linear regression to establish a CPT-qt-and-SPT-N60 relationship. An R2 value of
0.58 was achieved by the proposed model on the testing data, representing a 9% and
5% improvement compared with R2 values of 0.53 and 0.55 obtained by the RF and
ANN methods, respectively. This demonstrates the advantages of the proposed model
in both N60 prediction and application. Furthermore, on the dataset from the South
Island of New Zealand, the proposed model achieved an R2 of 0.60, representing
at least a 33% improvement compared to the maximum R2 of 0.45 yielded by the
commonly used models. This result, combined with its 14% higher predictive accuracy
on the dataset in other regions, confirms the higher reliability of the proposed model
compared to traditional methods.

In summary, distinct CPT-SPT correlations may be observed under different soil types,
and an efficient and practical solution for predicting N60 with complex conditions is pro-
vided by the approach proposed in this study, through which a new perspective and
methodology are introduced to the research field of CPT-SPT correlation. Compared to
conventional black-box AI, the proposed model enhances explainability by being presented
solely in the form of a simple linear model. Furthermore, while black-box AI faces op-
erational complexities and practical limitations due to its difficulty in explanation, the
proposed model is considered highly operational due to its high explainability. However,
the uneven distribution of data across soil types in the development dataset, along with
the limited number of validation data points, may limit the generalization capability of
the proposed model. And the tuning of SIC parameters may also influence the division
outcomes, warranting further investigation. In the future, more data will be collected under
various geological conditions to validate the applicability of the proposed model in other
regions and further optimize it. Furthermore, exploring the relationship between model
parameters and soil properties within this framework will be a focus of future research.
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