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Abstract—One important metric for assessing the amount of
organic matter in source rocks is the Total Organic Carbon
(TOC) content of rock samples. On the other hand, calculating
TOC requires the collecting and analysis of samples from
numerous well intervals in the source rock formations, which
is a very resource-intensive process. Researchers have looked for
creative ways to simplify TOC estimation in order to overcome
this difficulty. Among these, machine learning techniques have
demonstrated potential as an alternative to traditional well
log analysis and stratigraphic study. This work focuses on
automating TOC estimate utilizing advanced machine learning
techniques enhanced by a hybrid methodology to improve the
models’ accuracy and adaptability. Four metaheuristic algo-
rithms—Arithmetic Optimization Algorithm, Coronavirus Herd
Immunity Optimizer, Differential Evolution, and Particle Swarm
Optimization—were used to optimize the machine learning mod-
els. Four machine learning techniques—Decision Tree, Extreme
Learning Machine, Gradient Boosting, and K-Nearest Neigh-
bors—incorporated these metaheuristics. Core samples from the
Shahejie Formation, Dongying Depression, Bohai Bay, China
were used to evaluate the hybrid technique. The findings show
that a hybrid approach combined with machine learning mod-
els produces extremely accurate and flexible models for TOC
prediction. Regardless of the metaheuristic that was applied
to direct the model selection process, the optimized Extreme
Learning Machine produced the best performance metrics. These
results demonstrate how hybrid models can improve exploratory
geological research by providing a more accurate and efficient
way to estimate TOC in source rocks.

Index Terms—total organic carbon, machine learning, meta-
heuristics, hybrid models.

I. INTRODUCTION

Finding oil and gas deposits depends on figuring out how
much and what kind of organic matter is present in the rocks
that are created [1]. Exploiting these hydrocarbon resources
requires this task. Total organic carbon (TOC), one of the
performance requirements for potential reservoirs, is a crucial
measure of the amount and caliber of organic matter present
in the source rock. The most precise technique for measuring

organic matter directly and determining the TOC of a sed-
imentary rock is geochemical analysis. It can be manually
computed by analyzing the original rock samples [2].

However, because it relies on samples taken from many
well intervals in the source rocks, this widely used method is
impractical [3]. But sometimes there aren’t enough samples to
gather or the core samples aren’t available, thus the analysis is
done using drilling fragments. Geochemical techniques might
not fully capture the geological formation in this situation [4].
To overcome these obstacles, a number of research have de-
veloped a mathematical connection between well geophysical
characteristics and TOC [5].

Research on alternative data-driven approaches is becom-
ing more and more crucial as oil and gas exploration in-
creases and more effective methods for determining TOC
using petrophysical or petrographic data are developed [6]–
[8]. Numerous research have demonstrated the efficacy of
using hybrid machine learning techniques to forecast TOC
[9]–[13]. Few research, nevertheless, have employed these
techniques to forecast TOC in different hybridization meta-
heuristics. Recently, a number of metaheuristics with various
methodologies have been put out; nevertheless, they have not
yet been assessed for the tasks at hand. By contrasting several
approaches with traditional metaheuristic measurements, this
research advances the literature by giving a computational
framework for automating parametric selection. This method
builds on the work done recently on TOC estimate with
intelligent technology by combining three machine learning
models and seven metaheuristics. Understanding the deposi-
tion circumstances of older sediments requires precise TOC
modeling. It also contributes significantly to the reconstruction
of past occurrences. This is essential for determining whether
rocks could be an oil source.

Few research, nevertheless, have employed these techniques
to forecast TOC in different hybridization metaheuristics.
Recently, a number of metaheuristics with various method-



ologies have been put out; nevertheless, they have not yet
been assessed for the tasks at hand. By contrasting several
approaches with traditional metaheuristic measurements, this
research advances the literature by giving a computational
framework for automating parametric selection. This method
builds on the work done recently on TOC estimate with intelli-
gent technology by combining three machine learning models
and seven metaheuristics. Understanding the deposition cir-
cumstances of ancient sediment pools requires precise TOC
modeling. It also contributes significantly to the reconstruction
of past occurrences. This is essential for determining whether
rocks could be an oil source.

The following is a list of the paper’s most significant
contributions:

• to suggest a hybrid strategy that finds the best models for
TOC modeling by fusing machine learning methods with
both contemporary and traditional metaheuristics;

• to provide the most accurate computational method for
petrophysical data-based TOC value prediction.

• improve the state of the art on the use of hybrid models
in the Bohai Bay Basin’s Dongying Depression.

The dataset is introduced and the hybrid computational
methodology is thoroughly explained in Sections II and III.
Informations about the computational framework are presents
in Section IV. The results are shown in Section V, which also
discusses the suggested method after emphasizing the meta-
heuristics’ performance evaluation. Finally, the conclusion is
presented in Section VI.

II. DATASET

Bohai Bay Basin is located on the eastern coast of China.
The Dongying Depression area lies in the southeast of Jiyang
Depression in Bohai Bay Basin. A total of 125 core samples
composed of well logging data and geochemical index were
analyzed, taken from EsL 3 and EsU 4 member of Liye 1 well
with the coring depths between 3500 m and 3800 m. Gamma
ray (GR), resistivity (RT), transit interval time (AC), density
(DEN), and neutron (CNL) are the feature variables in the
dataset [14]. Figures 1 and 2 shows the correlation matrices
for the training and test set, respectively. It can be observed
that there is a good positive correlation between CNL and AC,
a negative correlation between DEN and CNL, DEN and AC.

III. METHODS

This section presents the metaheuristics and the machine
learning methods applied. The choice of methods was based
on testing different approaches to optimizers and regression
methods that were proposed at different times, allowing us to
identify the best option to solve the proposed problem.

A. Metaheuristics

Metaheuristics (MHAs) are search methods applied to op-
timization problems, which seek to efficiently explore the
solution space of a problem by applying different mechanisms
with the purpose of avoiding confinement in local minima

Fig. 1. Training set correlation matrix.

Fig. 2. Test set correlation matrix.

or maxima. In this work, the Arithmetic Optimization Algo-
rithm (AOA), Coronavirus Herd Immunity Optimizer (CHIO),
Differential Evolution (DE), and Particle Swarm Optimization
(PSO) methods were used to hyperparameters tuning of ma-
chine learning techniques.

PSO is an MHA inspired by the social behavior of schools
of fish or flocks of birds. It was proposed by James Kennedy
and Russell Eberhart in 1995 [15]. In this method, each particle
(candidate solution to the problem) has a localization in the
search space and moves towards the optimal point according to
two main factors: pbest (best position of an individual particle)



and gbest (best position found by any particle). The parameters
inertia weight, cognitive component and social component
control the velocity of the particles at each iteration.

DE method was proposed by Rainer Storn and Kenneth
Price in 1997 [16]. It generates new candidate solutions using
vector operations between individuals xi of the population. At
each new generation (iteration), a mutant vector vi is generated
for each xi from vector differences. Then, a vector ui is
created by combining xi and vi using a crossover rate chosen
in the interval [0,1]. The fitness of ui is compared with that
of xi and the best one becomes the xi of the next generation.
When the maximum number of generations is reached, the
best vector found is the optimal solution.

The AOA algorithm uses the addition (A) and subtraction
(S) operators in the exploitation phase and the exploration
is carried out by the division (D) and multiplication (M)
operators, uses the µ = 0.5 and α = 5 parameters to control
the exploration and exploitation phases, respectively, and also
uses random numbers R1, R2, R3, with values in the range
[0, 1]. The Math Optimizer Accelerated (MOA) function select
the search phase (exploitation or explanation), and the Math
Optimizer Probability (MOP) function is used in the A, S,
M and D operators to update the positions of the candidate
solutions [17].

CHIO is an optimization algorithm inspired by the coron-
avirus (COVID-19) pandemic and the concepts of social dis-
tancing and herd immunity [18]. At each iteration, individuals
are classified as susceptible, infected, or immune. The main
goal is to increase overall herd immunity, converging when a
sufficient proportion of the population becomes immune.

B. Machine Learning Techniques

K-Nearest Neighbors (KNN) was first developed by Fix [19]
and later expanded by Cover [20]. KNN is a lazy learning
machine learning technique, meaning it does not produce a
model from the training data, but rather memorizes the entire
training set and makes predictions for new data (xnew) based
on this information. First, the metric (usually the Euclidean
distance) and the k value of neighbors are chosen. Then, the
distance between xnew and the points xi in the training set
are calculated. The k nearest neighbors are the k points with
the smallest distances. Finally, the output for the new data is
calculated by averaging the values of the k neighbors.

In Decision Trees Regression [21], the leaf nodes are
continuous numerical values, and each internal node of the
tree is associated with a predictive variable in the training set.
Each path from the root of the tree to a leaf is a rule, and the
output of an input xnew is defined by following a specific path,
according to the input values. One of the great advantages of
decision trees is the ease of interpreting how they decide what
the output value for a new input is (white-box model). To
control overfitting, the hyperparameters maximum tree depth,
the minimum number of samples for each leaf node, and the
minimum number of samples for splitting an internal node
were adjusted.

The Gradient Boosting (GB) method for regression was
introduced in [22]. This method combines weak learners
(decision trees with low depth) sequentially to obtain a strong
learner. Each new regression tree constructed tries to minimize
the error (residual) of the previous tree, and the weight of
each tree’s contribution to the final prediction is defined by
the learning rate. The value of the dependent variable is the
average of the values of the trees and the number of trees
constructed is adjusted to avoid overfitting.

Extreme Learning Machines (ELM) [23] are neural net-
works with a single hidden layer of the feedforward type. In
these neural networks, the weights that connect the input layer
to the hidden layer are randomly assigned, with their values
remaining fixed. And the weights that connect the hidden layer
to the output layer are obtained from the training data. The
model is adjusted by the number of neurons in the hidden
layer and the chosen activation function.

C. The ∆LogR Method

The ∆LogR method was developed by [24] in 1990. This
technique is used to estimate TOC in source rocks using
well logs. This is done by identifying intervals of potentially
hydrocarbon-producing rocks in a well, and quantifying TOC
continuously in these intervals. The mathematical expression
for calculating ∆LogR is

∆LogR = log

(
R

Rbaseline

)
+ 0.02 ∗ (∆t−∆tbaseline) (1)

The empirical formula that relates ∆LogR to TOC is

TOC = (∆LogR) ∗ 10(2.297−0.1688∗LOM) (2)

D. Performance Metrics

Table I displays the performance metrics along with their
corresponding descriptions.

TABLE I
PERFORMANCE METRICS. R IS CORRELATION COEFFICIENT. R2 IS
DETERMINATION COEFFICIENT. MSE, RMSE AND MAE, ARE THE

MEANS SQUARED ERROR, ROOT MEAN SQUARED ERROR AND MEAN
ABSOLUTE ERRORS, RESPECTIVELY. yti AND ypi INDICATE THE TRUE

AND ESTIMATED VALUES, RESPECTIVELY. ȳt AND ȳp IS THE AVERAGE OF
TRUE AND ESTIMATED TOC.

Metric Formula

R
∑N

i=1(yti−ȳti)(ypi−ȳpi)√∑N
i=1((yti−ȳt)2)

∑N
i=1((ypi−ȳp)2)

R2
∑N

i=1(yti−ypi)
2∑N

i=1(yti−ȳt)2

RMSE
1

N

√√√√ N∑
i=1

yti − ypi)2

MAE
1

N

N∑
t=1

|(yti − ypi)|

MAPE 100×
1

N

N∑
i=1

|yti − ypi|
|yti|



IV. COMPUTATIONAL FRAMEWORK

The encoding of potential solutions for any machine learn-
ing technique is shown in Table II. Four internal parameters
(θ1, θ2, θ3, θ4) are included in the candidate solution for the
DT model. The maximum depth is the first, followed by
minimum samples split, minimum samples leaf, and criterion.
The number of neurons in the hidden layer is the first of
the three internal parameters (θ1, θ2, θ3) for the ELM model.
The regularization parameter is the second, and the activation
function is the third. The GB encodes the number of estimators
(θ1), learning rate (θ2), maximum depth (θ3) and criterion (θ4).
Finally, the three parameters also influence the KNN model
encoding the number of neighbors (θ1), weigths (θ2), and the
power for the Minkowski metric (θ3).

TABLE II
ENCODING OF THE INTERNAL PARAMETERS FOR EACH ML MODEL.

Estimator Encoding Description Settings/Range
DT θ1 Max depth [1,20]

θ2 min. samples split [1e-10, 1]
θ3 min. samples leaf [1e-10,0.99]
θ4 Criterion squared error, pois-

son,
friedman mse,
absolute error

θ3 Number of neigh-
bors

[2,20]

ELM θ1 No. neurons [1, 200]
θ2 Activation function tanh, sigm, relu, lin
θ3 alpha [1e-9,10]

GB θ1 No. estimators [1,200]
θ2 Learning rate [0.0001, 1]
θ3 Max depth [1,20]
θ4 Criterion friedman mse,

squared error
KNN θ1 Number of neigh-

bors
[2,20]

θ2 Weights distance, uniform
θ3 Power parameter for

the Minkowski met-
ric

[1,3]

After the candidate solutions are encoded, the metaheuristics
generate a population of them that are iteratively evolved
over a predefined number of epochs. Table III displays the
parametric setting of the metaheuristics that were utilized to
determine the ideal parameters. The objective function that
was evaluated in every instance was the RMSE. After the
search, the best model is used to forecast new TOC values
from new samples.

The dataset was divided into 80% for the training set and
20% for the test set. K-fold (k=5) was used as a cross-
validation technique in the training set. It was chosen 30
independent runs to be able to analyze the statistical difference
between the methods. It could be to use the major number, but
the consuming time would be longer.

V. RESULTS AND DISCUSSION

The computational framework was implemented in Python
3.8 employing the packages mealpy [25]–[27], pandas [28],

TABLE III
METAHEURISTICS CONFIGURATION.

Metaheuristic Parameter Name Value
AOA NP Population size 50

Emax No. epochs 50
CHIO NP Population size 50

Emax No. epochs 50
DE NP Population size 50

Emax No. epochs 50
CR Crossover probability 0.9
WF Weighting Factor 0.1

PSO NP Population size 50
Emax No. epochs 50
w Inertia weight 0.4
c1 Social component 2.05
c2 Cognitive component 2.05

scikit-learn [29], scipy [30].
In 30 individual runs of the techniques DT, ELM, GB, and

KNN optimized by AOA, CHIO, DE, and PSO, the mean and
standard deviation for the performance metrics in the training
set are displayed in Table IV. All metaheuristics showed that
ELM produced the best results, while AOA-ELM produced the
best predictions (R2 = 0.759 (0.018), RMSE = 0.797 (0.029),
MAE = 0.596 (0.021)).

Figures 3, 4, 5 and 6 display the Taylor diagram for the each
metaheuristics. Each diagram illustrates the standard deviation,
correlation coefficient, and centered root mean square devia-
tion (RMSD) of the models in comparison to the reference
data. It can be seen the results suggest that most ML models
achieve around 0.8 correlation, indicating agreement with the
reference data. However, the standard deviation values for all
models are slightly below 1.0, suggesting a mild smoothing
effect, likely due to the regularization imposed by ML models.

Fig. 3. Taylor diagram by AOA.

The p-values from the ANOVA test are shown in Table V.
The alternative hypothesis suggests that the average varies
for at least one particular metaheuristic, whereas the null
hypothesis for the ML models states that the average of
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Fig. 4. Taylor diagram by CHIO.

Fig. 5. Taylor diagram by DE.

each performance indicator is the same for all metaheuristics.
There is no statistically significant difference in relation to
the application of metaheuristics, according to the ML ap-
proaches, which produced p-values > 0.05 for all measures.
The alternative hypothesis for the metaheuristics suggests
that the average varies for at least one particular model,
whereas the null hypothesis states that the average of each
performance parameter is the same for all ML models. There is
a statistically significant variation in the ML method selection
for every case.

Table VI shows the best hyperparameters of ELM model
for each metaheuristics and ∆logR method in the test set.
DE-ELM the best result (n neurons = 104, alpha = 0.0214,
ufunc = ’sigm’) and RMSE = 0.750.



Fig. 6. Taylor diagram by PSO.

TABLE V
P-VALUES ANOVA

Estimator R R2 RMSE MAE MAPE MSE
DT 0.69 0.6 0.602 0.826 0.687 0.603

ELM 0.145 0.227 0.227 0.007 0.001 0.227
GB 0.09 0.1 0.1 0.095 0.355 0.1

KNN 0.576 0.469 0.469 0.678 0.719 0.469
Optimizer R R2 RMSE MAE MAPE MSE

AOA 0 0 0 0 0 0
CHIO 0 0 0 0 0 0

DE 0 0 0 0 0 0
PSO 0 0 0 0 0 0

VI. CONCLUSION

Using data of Shahejie Formation in Dongying Depression,
China, this study examined how metaheuristics were applied
in conjunction with four machine learning models to solve a
TOC prediction problem. By enhancing a performance metric,
four metaheuristics, some of which were newly proposed,
were used to optimize the hyperparameter selection proce-
dure. The goal was to minimize RMSE by optimizing the
model selection, which would enable us to look for local
minima throughout the parameter space. After optimization,
the algorithms’ performance was evaluated. The following
performance metrics were used to quantify prediction errors:

TABLE VI
BEST MODELS

Optimizer Hyperparameters RMSE
AOA n neurons = 198, 0.755

alpha = 0.0001, ufunc = ’lin’
CHIO n neurons = 19, 0.764

alpha = 0.0041, ufunc = ’lin’
DE n neurons = 104, 0.750

alpha = 0.0214, ufunc = ’sigm’
PSO n neurons = 31, 0.761

alpha = 0.0002, ufunc = ’lin’
∆logR LOM=10 13.490

R, R2, RMSE, MAE, MAPE, and MSE. To further confirm the
importance of the computational results, statistical tests were
performed.

The main conclusions are listed below:
• The Extreme Learning Machine (ELM) model was the

machine learning model that produced the best average
results for all metaheuristics.

• Combining the ELM with the Arithmetic Optimization
Algorithm (AOA) model produced the best performance
metrics in training set.

• In test set, ELM with the Differential Evolution (DE)
presented the best result.

• The ANOVA test for all cases there is a statistically
significant difference in the choice of ML method.

Even though the metaheuristics produced the dataset’s most
accurate TOC predictions, further study may be able to apply
them to a wider range of datasets from sedimentary basins
with various diagenetic features. Furthermore, future research
can expand to explainable Artificial Intelligence and feature
selection methods, which may offer a more thorough compre-
hension of attempting to create relationships between factors
in TOC prediction and pinpointing the most important step in
the entire procedure.
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