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Introduction

Among all the pressure-temperature-volume-related
properties that affect fluid flow in porous media during
various stages of oil exploration and production,
viscosity plays a key role and it must be measured
accurately [1, 2]. This parameter is essential for
evaluating well performance, porous fluid flow, well
testing, pipe flow, pipeline design and production, well
simulation, operational planning, field development,
and designing transportation facilities [ 3 |. Traditionally,
crude oil viscosity is determined through experimental
procedures under reservoir pressure and temperature,
using either surface or subsurface samples. However,
this process is often time-consuming, costly, and
requires significant technical expertise [4, 5]. Over the
past few decades, many empirical and semi-empirical
correlations—often based on corresponding state
equations—have been proposed to estimate crude oil
viscosity. Most of these correlations are developed for
specific pressure and temperature ranges, making them
unreliable when applied outside those conditions [3].
At the field scale, empirical correlations are commonly
used to estimate the viscosity of undersaturated,
saturated, and dead oils. However, these empirical
models are often unsatisfactory due to their limited
dataset foundation, geographic specificity, and
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inadequate accuracy, highlighting the need for improved
models [6]. Moreover, given these limitations, there’s
a clear need to develop models capable of predicting
dead oil viscosity over broader operational conditions.
Efficient and practical alternatives are especially
necessary when physical samples are unavailable or
when time and budget constraints are present.

This study aims to develop and evaluate the
performance of four machine learning (ML) models—
Multilayer Perceptron (MLP) neural networks,
Random Forest (RF), Gradient Boosting (GB), and
Support Vector Regression (SVR)—for predicting the
viscosity of dead oil. The prediction is modeled as a
function of diverse parameters, including crude oil
specific gravity, nitrogen content, pour point, vacuum
distillation carbon residue, densities of various
fractions (light gasoline, naphtha, kerosene, gas oil,
and lubricants), and the specific gravity of the residue
at 60°F.

A key novelty of this research lies in the first-of-its-
kind utilization of parameters derived from the dead oil
separation process as predictive inputs. Unlike previous
studies that typically rely on a limited set of general
features such as temperature, API gravity, or specific
gravity, this work incorporates a comprehensive suite
of physicochemical properties
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and fractional characteristics ranging from light to
heavy components. Furthermore, the robustness of the
models is enhanced by employing a significantly larger
dataset comprising 2,299 samples, ensuring superior
generalizability and reliability compared to existing
literature. For the MLP architecture, the influence
of various optimization functions, learning rates,
and network topologies (including layer and neuron
configurations) was systematically investigated and
optimized.

The developed models offer a high capacity for
generalization across diverse crude oil types and
reservoir conditions. By reducing the dependency
on traditional empirical correlations, this research
provides a more accurate and stable framework for
predicting dead oil viscosity, facilitating better fluid
characterization in petroleum engineering applications.

Data Collection and Preprocessing

One of the most important steps in evaluating the
accuracy and reliability of a machine learning (ML)
models is data collection. In this study, data were
obtained from a crude oil analysis database. After
filtering out outliers and using Pearson’s correlation to
further refine the dataset, a total of 2,299 data points
were selected for modeling purposes. The details of
these data are provided in Table 1.

Materials and Methods

To ensure a robust predictive framework, four distinct
machine learning algorithms were implemented,
each characterized by different learning paradigms:
Multilayer Perceptron (MLP), Random Forest,
Gradient Boosting, and Support Vector Regression.

Multilayer Perceptron Neural Network

The multilayer perceptron (MLP) is a type of
feedforward neural network in which data flows in
one direction—from the input layer to the output layer
[8]. An MLP model typically includes an input layer,
one or more hidden layers, and an output layer. Fig. 1
illustrates the structure of the MLP used in this study,
which includes three hidden layers [9].

Optimization Functions

Ten different optimization algorithms were used
in this study to compare performance, cover a wide
range of conditions, examine recent developments,
reduce sensitivity to hyperparameters, and enhance
model robustness. These include AdaGrad, Adadelta,
RMSprop, Rprop, SGD, ASGD, Adam, AdamW,
Adamax, and NAdam.

Table 2 lists the modeling parameters examined in this
study.
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Fig. 1 MLP network structure with three hidden layers.

Table 1 Details of input and output data used for viscosity prediction by multilayer perceptron neural network [7].

Abbreviation Equivalent phrase Unit

SGRAV_CRUD Specific gravity of crude -

POUR_POINT Pour point °F

CRN Nitrogen in crude Weight %
Carbon residue of residuum from vacuum distillation,

CAR _RES WT obtained by Ramsbottom method and converted to Con- | Weight %
radson equivalent

DLG Light gasoline density gr/cm’?

DGN Gasoline and naphtha fraction density gr/cm’

KER DISVOL Kerosene distillate Volume %

DKD Kerosene distillate density gr/cm?

GASOIL _VOL Gas oil Volume %

AVED Gas oil density gr/em’

NON_LUBVOL No viscous lubricating distillate Volume %

MED LUBVOL Medium viscous lubricating distillate Volume %

VIS LUBVOL Viscous lubricating distillate Volume %

SGRR Specific gravity at 60 °F of the residue -

SU100 Viscosity at 100 °F SUS (Saybolt Universal Seconds)
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Table 2 Parameters used in modeling the multilayer perceptron neural network.

Optimization functions

AdaGrad, Adadelta, RMSprop, Rprop, SGD, ASGD, Adam, AdamW, Adamax, NAdam

Learning rates 0.1, 0.01, 0.001

Network type MLPI1, MLP2, MLP3

Parameters for measuring R2, MSE. L1 (MAE)
model accuracy and error

Activation function type ReLU

25-800

Number of periods

Key parameters tested included optimization functions,
loss functions, number of neurons, number of epochs
(25-800), and learning rates (0.001 and 0.01). The
ReLU activation function was used.

Modeling Viscosity with MLP

Three MLP models were developed, each differing in
the number of hidden layers. MLP1, MLP2, and MLP3
refer to networks with one, two, and three hidden
layers, respectively. The data were split into training,
validation, and test sets in a 75/15/10 ratio.

Random Forest (RF)

Random Forest (RF) is an ensemble learning algorithm
based on the bagging (bootstrap aggregating)
technique. It constructs a multitude of decision trees
during training, utilizing random sampling of both data
instances and features [10, 11]. The final prediction
is obtained by aggregating the outputs of individual
trees—typically through averaging in regression
tasks. This ensemble structure effectively reduces
model variance and enhances stability, providing high
robustness against noise and outliers. Furthermore, RF
inherently facilitates feature importance assessment,
allowing for the identification of the most significant
predictors in the dataset [12, 13].

Gradient Boosting (GB)

Gradient Boosting (GB) follows a boosting approach,
where models are constructed sequentially. In this
framework, each subsequent weak learner (typically
shallow decision trees) is optimized to minimize the
residual errors of the preceding models [ 14, 15]. This
iterative process enables the algorithm to capture
highly complex patterns and nonlinear relationships,
often resulting in superior predictive accuracy due
to its sequential optimization structure. To prevent
overfitting, precise tuning of hyperparameters, such as
the learning rate and the number of estimators (trees),
is critical [16].

Support Vector Regression (SVR)
Support Vector Regression (SVR) is derived from the
principles of Support Vector Machine (SVM) theory.

The objective is to identify an optimal function that fits
the training data within a predefined threshold while
maximizing the margin and minimizing prediction
error [14]. By employing various kernel functions,
such as the Radial Basis Function (RBF), SVR can
effectively model intricate nonlinear dependencies.
While SVR demonstrates stable and reliable
performance, particularly in high-dimensional feature
spaces, meticulous optimization of its hyperparameters
is essential to achieve peak predictive precision [17].

Results and Discussion

Performance of Optimization Algorithms

Fig.s 2 and 3 show the modeling results (R? and loss)
for Adam and AdamW optimizers using two loss
functions: MSE and MAE. These were evaluated
across networks with one to three hidden layers
(MLP1-MLP3). The results confirm that both Adam
and AdamW have performed very well and provided
accurate predictions.

Fig.s 4 and 5 compare the performance of all
optimization functions. MSE was highest for SGD,
Adadelta, ASGD, and RMSprop. In contrast, Adam,
AdamW, and Adamax produced the lowest MSE and
highest R? values.

Table 3 summarizes the best results for each
optimization algorithm. The best-performing setup
was the AdamW optimizer with the MLP3 network
and MSE as the loss function.

Impact of Learning Rate

As a secondary check and possible achievement of
better results using the two selected optimization
algorithms, the learning rate has been changed. As can
be seen in Fig. 5, by increasing the learning rate, in
exchange for achieving better results, fluctuations are
created, which are of course independent of divergence.
The results related to increasing the learning rate on
the experimental data are shown in Table 4. To further
refine the models, learning rates were tested at 0.001,
0.01, and 0.1. As the learning rate increased from 0.001
to 0.01, model performance improved. However, at
a learning rate of 0.1, prediction accuracy dropped
sharply. Thus, the optimal learning rate for both Adam
and AdamW is 0.01.
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Fig. 2 Results of training and validation data modeling of viscosity with Adam optimization function in terms of Loss and R?
for two loss functions including MSE and MAE.
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Fig. 3 Results of training and validation data modeling of viscosity with AdamW optimization function in terms of Loss and R?
for two loss functions including MSE and MAE.
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Table 3 Best results obtained based on different optimization functions.

Network type | Loss function Optimization function | Epoch | R?-Train | R*-Val | R*-Test | Loss-Train | Loss-Val | Loss-Test

AdaGrad MSE MLP3 75 0.6734 0.6950 | 0.6897 | 0.0136 0.0127 0.0138

Adadelta MAE MLPI 600 0.2392 0.2511 | 0.2252 | 0.1365 0.1361 0.1413

RMSprop MAE MLPI 25 0.2790 0.3214 | 0.3429 | 0.1329 0.1312 0.1295

Rprop MAE MLP3 60 0.8023 0.8242 | 0.8194 | 0.0647 0.0622 0.0627

SGD MSE MLPI 30 0.1471 0.1785 | 0.1785 | 0.0354 0.0342 0.0366

ASGD MSE MLP2 60 0.2081 0.2406 | 0.2178 | 0.0329 0.0316 0.0349

Adam MSE MLP3 120 0.8279 0.8447 | 0.8457 | 0.0071 0.0065 0.0069

AdamW MSE MLP3 130 0.8269 0.8422 | 0.8480 | 0.0079 0.0066 0.0068

Adamax MSE MLP3 160 0.8192 0.8415 | 0.8401 | 0.0075 0.0066 0.0071

NAdam MSE MLP2 80 0.6584 0.7159 | 0.7003 | 0.0142 0.0118 0.0134

Learning rate: 0.01
constants Number of neurons in the first, second and third hidden layers: 30, 20 and 10
Activation function type: ReLu
Table 4 The effect of increasing the learning rate on the experimental data in the two selected algorithms.

Optimization . Network | Learning . .

function Loss function type rate Epoch | R>-Train | R>-Val R2-Test | Loss-Train | Loss-Val | Loss-Test
0.1 25 -0.0791 | -0.2587 | -0.3605 | 0.0448 0.0524 0.0606

Adam MSE MLP3 0.01 120 0.8279 | 0.8447 | 0.8457 | 0.0071 0.0065 0.0069
0.001 150 0.7106 | 0.7533 0.7048 | 0.0210 0.0103 0.0132
0.1 25 -0.6240 | -0.7125 | -0.0429 | 0.0674 0.0714 0.0465

AdamW MSE MLP3 0.01 130 0.8269 | 0.8422 | 0.8480 | 0.0072 0.0066 0.0068
0.001 150 0.7683 | 0.7798 0.7827 | 0.0096 0.0092 0.0097

constants Nur'nbef of neur(?ns in the first, second and third hidden layers: 30, 20 and 10

Activation function type: ReLu

Effect of Number of Neurons

In this section, the effect of changing the number of
neurons in the two selected optimization algorithms is
investigated and finally the most optimal possible case
is introduced. In Table 5, the number of neurons in
each layer and the amount of Loss and R? can be seen.
The best results were obtained using an architecture
consisting of 60, 40, and 20 neurons in the first, sec-
ond, and third hidden layers, respectively, optimized
via the AdamW algorithm. This configuration yielded
the highest R? (0.8541) and the lowest loss (0.0065),
confirming it as the most effective setup after numer-
ous trials.

Final Evaluation

Finally, the model's performance was evaluated on
the entire dataset using the AdamW optimizer with a
learning rate of 0.01 and MSE as the loss function. The
results were:

* MSE = 0.0068

* MAE = 0.0593

* R2=10.8396

Fig. 6 shows the final results of modeling the AdamW

optimization algorithm in terms of Loss and R? for the
entire data.

Sensitivity analysis also revealed that nitrogen content
(CRN) had the most significant positive impact on pre-
diction accuracy, while non-viscous lubricant distilla-
tion volume (NON_LUBVOL) had the most negative
impact. Moreover, in Fig. 7, the whole culminated and
obtained results of the AdamW optimization algorithm
in terms of (a) R? and (b) Loss for the entire data are
still shown or indicated.

Comparative Performance of Machine Learning
Models

To evaluate the predictive efficacy of different
algorithms for viscosity estimation, four models
were benchmarked: MLP-AdamW, Random Forest
(RF), Gradient Boosting (GB), and Support Vector
Regression (SVR). Statistical performance was
quantified using Mean Absolute Percentage Error
(AAPRE), Root Mean Square Error (RMSE), and the
Coefficient of Determination (R?) for both training and
testing phases, as summarized in Table 6.
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Fig. 6 The results of the AdamW and Adam optimization algorithms in terms of Loss and R2 for three different learning rates.
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Table 6 The results of 10-Fold Cross-Validation for the four algorithms examined in this study.
Models AAPRE (mean + SD) RMSE (mean + SD) R? (mean + SD)
Multi-Layer Perceptron (MLP) 3.26+0.09 1.82+0.05 0.851+0.012
Random Forest (RF) 3.55+0.11 2.03+0.07 0.523+0.018
Gradient Boosting (GB) 3.42+0.08 1.98+0.06 0.836+0.010
Support Vector Regression (SVR) 3.88+0.13 2.29+0.10 0.771£0.021

The MLP-AdamW model, optimized via the AdamW
algorithm, demonstrated a strong capability to capture
the complex nonlinear relationships between input
variables and viscosity. An R? value of 0.8541 on the
testing dataset signifies commendable generalization
performance. While the model successfully identified
global patterns within the extensive dataset, it
exhibited localized oscillatory behavior in certain data
regions. This phenomenon is attributed to the inherent
sensitivity of neural networks to data distribution;
specifically, the observed overfitting in the MLP
model appears to stem from data heterogeneity rather
than insufficient data volume.

Random Forest (RF) achieved the highest training
R* (0.9749), demonstrating its exceptional ability
to capture intricate patterns within the large dataset.
However, aslightdecline in testing R?(0.8191) suggests
a degree of overfitting, a common phenomenon in RF
when dealing with high-dimensional data where the
model tends to capture localized noise. Despite this,
the relatively low RMSE and AAPRE values indicate
satisfactory stability.

Gradient Boosting (GB) exhibited a more balanced
and robust performance, with R2values of 0.9196
for training and 0.8266 for testing. Unlike RF, the
sequential learning mechanism of GB effectively
minimizes residual errors, allowing for superior
convergence and generalization without significant
overfitting. In contrast, Support Vector Regression
(SVR) yielded the lowest predictive accuracy (R? of
0.8095 for training and 0.7699 for testing), indicating
its limited capacity to model the complex, nonlinear
relationships present in this large-scale dataset.

The visual assessment via cross-plot analysis (Fig.8)

further corroborates or confirms these findings.
Furthermore, the high density of data points along the
45-degree parity line for both RF and GB underscores
their high precision. Also, while the MLP-AdamW
model demonstrated acceptable performance, it
exhibited greater fluctuations in high-dispersion
regions compared to the tree-based ensemble models.

To validate the reliability of these results, 10-fold cross-
validation was performed. Moreover, the low standard
deviations across all statistical metrics (R?, RMSE,
and AAPRE) confirm the stability and robustness
of the models against data partitioning. Ultimately,
Gradient Boosting emerged as the most superior
algorithm, providing the optimal balance between
high accuracy and generalization, characterized by the
highest mean R? (0.836 + 0.010) and the lowest RMSE
(1.96 + 0.06) and AAPRE (3.42 £+ 0.08). Compared to
the other models, SVR exhibited a lower coefficient of
determination (R?), stemming from its relatively linear
nature, which limits its ability to model the complex,
nonlinear relationships between input parameters
and viscosity. Overall, the 10-fold cross-validation
results demonstrate that the developed models possess
robust statistical stability and adequate generalization
capabilities. Consequently, Gradient Boosting is
recommended as the optimal choice for viscosity
prediction in large-scale and complex datasets.

The SHAP (SHapley Additive exPlanations) analysis
was employed to evaluate feature importance for the
Random Forest (RF) and Gradient Boosting (GB)
models, enabling the assessment of the average
contribution of each feature to model predictions at
both local and global levels.
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Fig. 8 Predicted values versus actual viscosity values for the four models including MLP« Random Forest¢ Gradient Boosting

and Support Vector Regression.

For the Support Vector Regression (SVR) and
Multi-Layer Perceptron (MLP) models, permutation
importance was applied due to the nonlinear nature
of these models and the sensitivity of their weights to
the training process. In this method, the importance
of each feature was estimated by permuting feature
values and measuring the resulting decrease in model
performance. Moreover, to enable comparison among
models, the importance values of each model were
normalized with respect to their maximum values, and
a relative comparison of the most influential features
was conducted.

In addition, the standard deviation (std) of feature
importance was analyzed for the MLP and SVR models
to evaluate the stability of the obtained importance
values. The results of this analysis are presented in
Fig. 9.

The SHAP analysis of the four investigated models
demonstrated that the feature SGRAV_CRUD,
representing crude oil specific gravity, exhibited the
highest importance across all models. In the Random
Forest and Gradient Boosting models, this variable
showed the highest mean absolute SHAP values (3.46
and 3.53, respectively), indicating its dominant role in
determining the model output. This finding was also
confirmed in the neural-network-based (MLP) and
support-vector-based (SVR) models, where SGRAV
CRUD achieved the highest permutation importance
values. Furthermore, the results of SHAP and
permutation importance analysis for the four models
which have been studied are shown in Fig. 9.

These results indicate that variations in crude oil
specific gravity exert the strongest influence on the
model response. From a physical perspective, specific

gravity is an indicator of the overall composition of
crude oil; heavier crude oils (with higher specific
gravity) contain larger fractions of aromatic and
asphaltenic compounds, and therefore, exhibit
different refining behaviors. Consequently, the strong
influence of SGRAV_CRUD is fully consistent with
the physical nature of the system, emphasizing that the
fundamental feed properties play a decisive role in the
target variable.

The features GASOIL VOL and AVED were
identified as the next most influential parameters.
GASOIL VOL, which represents the volumetric
fraction of gasoil in the petroleum cuts, physically
reflects the contribution of middle-distillate fractions
to the overall feed or product composition. Also,
higher values of this variable indicate a larger presence
of heavier fractions, such as gasoil, which generally
leads to increased density, boiling point, and overall
energy content of the system. In addition, the SHAP
analysis revealed that increasing GASOIL VOL had
a positive effect on the target variable, which it can be
interpreted from a process perspective, as increasing
the gasoil fraction typically enhances the physical
properties associated with concentration and energy
content in the final product.

Similarly, AVED, representing gasoil density, showed
a substantial contribution to model performance and
ranked among the top three features. Also, the mean
absolute SHAP value for this parameter ranged
between 0.6 and 0.7 in the tree-based models, while
comparable trends were observed in the MLP and
SVR models. Physically, gasoil density depends on
its molecular composition, particularly the ratio of
paraffinic, naphthenic, and aromatic compounds.
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Fig. 9 The results of SHAP and permutation importance analysis for the four models studied.

An increase in density generally indicates a higher
proportion of heavier and aromatic components, which
can alter thermal behavior, combustion characteristics,
and process stability. The positive trend of AVED
observed in the SHAP dependency plots indicates that
increasing gasoil density is associated with higher
values of the target variable, which is consistent with
the physical behavior of heavier fuels.

Overall, the SHAP results demonstrated that the three
key variables—SGRAV_CRUD (crude oil specific
gravity), GASOIL VOL (gasoil volumetric fraction),
and AVED (gasoil density)—had the greatest impact
on predicting the target variable. The consistency of
these findings across different models, together with
their strong agreement with the physical principles
governing the system, reinforces the reliability and
interpretability of the developed models.

In other words, variables associated with the
composition and density of petroleum fractions play
the most significant role in the overall behavior of the
models and can therefore be considered key physical
indicators for process monitoring and optimization.
Overall, the application of SHAP significantly
improved model transparency, enhanced the physical
interpretability of the results, and provided deeper
insight into the influence of process parameters on
system behavior.

Conclusions

This study presents a comprehensive machine

learning-based framework for predicting the viscosity
of dead oil using advanced data-driven approaches. In
this research, a Multilayer Perceptron (MLP) neural
network was developed and compared with three
benchmark machine learning algorithms, including
Random Forest (RF), Gradient Boosting (GB), and
Support Vector Regression (SVR). A major novelty of
the study lies in the utilization of detailed crude oil
fraction properties as model inputs. For the first time,
density values of different petroleum cuts ranging
from light to heavy fractions—such as light gasoline,
naphtha, kerosene, gas oil, and lubricating fractions—
together with several physicochemical properties
including specific gravity, pour point, nitrogen content,
and vacuum residue carbon content, were incorporated
into the predictive models. The inclusion of these
parameters significantly enhanced the prediction
accuracy compared with previous studies.

The comparative analysis demonstrated that the
Gradient Boosting model achieved the best overall
performance in terms of prediction accuracy and
generalization capability. Random Forest and the MLP-
AdamW models also showed competitive and reliable
results, whereas SVR exhibited weaker performance
due to its limited ability to capture highly nonlinear
relationships in large-scale datasets. Statistical
evaluations confirmed the superiority of the Gradient
Boosting algorithm across different validation metrics.
To improve the reliability and interpretability of the
developed models, uncertainty analysis was conducted



through the estimation of Prediction Intervals (PI).
The results revealed that the Gradient Boosting model
produced the narrowest 95% prediction intervals,
indicating the highest confidence and robustness
in viscosity prediction. In contrast, the SVR model
showed the widest uncertainty intervals and the lowest
predictive stability.

Based on numerical accuracy, statistical stability,
K-fold cross-validation performance, and uncertainty
quantification, the Gradient Boosting model was
identified as the most reliable and suitable approach
for industrial-scale dead oil viscosity prediction. The
proposed model not only provides high predictive
accuracy but also demonstrates lower fluctuations
and greater robustness compared with the alternative
machine learning techniques investigated in this study.
From an engineering perspective, the developed
intelligent model can serve as a fast, accurate, and
cost-effective tool for estimating crude oil viscosity in
situations where laboratory measurements are limited,
expensive, or unavailable. Potential applications
include crude oil pipeline design and simulation,
reservoir fluid flow modeling, enhanced oil recovery
(EOR) process analysis, and rheological behavior
prediction under different operational conditions.
Furthermore, the implementation of the proposed
predictive framework can substantially reduce the time
and cost associated with experimental measurements
while improving engineering decision-making in
upstream petroleum industries. Overall, the findings of
this study demonstrate that the integration of machine
learning techniques with uncertainty analysis provides
a reliable strategy for predicting complex crude oil
properties and paves the way for the development of
intelligent predictive tools in petroleum production,
refining, and reservoir engineering applications.

Nomenclatures

CRN: Nitrogen content

GB: Gradient Boosting

MAE: Mean absolute error

MLP: Multilayer perceptron

MSE: Mean squared error

NON_LUBVOL: Non-viscous lubricant distillation
volume

R?: R-squared

RF: Random Forest

SHAP Analysis: SHapley Additive exPlanations
Analysis (A game theoretic approach to explain the
output of any machine learning model)

SVR: Support Vector Regression
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Author & Year Data Summary of Work Models Investigated Results Advantages of Present Study Ref
combined lab and 243 Application of multiple computational models to
B .| estimate crude oil (especially heavy oil) viscosity - . RMSE for final DT, MLP, and GNN models were | Higher accuracy and generalization using 2,299 sam-
. literature ~ data.  Input: . h - 2| Decision Tree (DT), Multi-Layer Perceptron (MLP), A > N . N
Lietal., 2023 . as a function of API, Temp, and fluid composition; . 52.40, 25.08, and 30.83, respectively. R? values | ples and adding parameters from fraction separation [49]
API, Temp, and oil com- S N Generalized Neural Networks (GNN) N N N
osition hyperparameter optimization and design space .were 0.921, 0.780, and 0.933 .and physico-chemical properties
P .analysis
empirical ~ data 1,368 . . . _ XGBoost was the best method with higher accura- . . Lo g
Langeroudy et | points describing Iranian Use of Iranian field datascts mua.::w:_moi mod Ensemble/Boosting algorithms (Gradient Boosting, | cy and lower error. It provided a MAPE of 1.968%, Demonstrates superior generalization beyond re
A A els for reservoir viscosity determination; focus on N N .» | gional data using fraction features, physico-chemical [50]
al., 2023 crude oil. Inputs: P, T, API, R . . XGBoost, CatBoost) reducing hybrid method error by half and black oil
_black oil parameters and generalized model design . .parameters, and a larger dataset
.and GOR .method error by five times
Combined lab and field Providing a workflow for undersaturated oil vis- Significant improvement in prediction accuracy | First study to simultaneously use various fraction pa-
Fotias et al., 2023 data: Inputs: T. P. API cosity prediction using ML models and available | Random Forest (RF), Gradient Boosting (GB), ANN | compared to conventional correlations in undersat- | rameters and physico-chemical features, increasing [51]
. > dnputs: L b field/lab inputs .urated conditions .accuracy and generalization
Hadavimoghadd- Multi-source dead o__. vis- Comparing ML algorithm performance in dead oil | SuperLeamer (Ensemble), XGBoost, RF, ANN, ‘EN)E\ best model (SuperLearner ensemble) achieved | Provides higher accuracy and generalization using )
cosity measurements; In- 3 B B s 3 : R?=0.96, showing clear improvement over classi- | 2,299 samples and new input sets (fractions, hydro- [52]
am et al., 2021 A . .viscosity estimation against classical correlations SVR . . A
.puts: APIL, T, Density .cal correlations (gen content, pour point, residual carbon
Bahonar et al PVT empirical data 1,950 | Using data mining techniques to generate new Offers greater generalization through more compre-
2022 ” | from Iranian reservoirs; | viscosity correlations and comparing them with SVR, ANN, and Ensemble/Boosting methods JImproved accuracy in the studied datasets hensive inputs and multi-source data compared to [53]
Inputs: API, T, Density .traditional ~ correlations .improved correlations
Dolatyari et al., lab data; Inputs: AP, .NAu ?dmow_:m anew BB:@BB_S_ algorithm for esti- Nonlinear mathematical methods vs. data-driven | Reported higher accuracy than some conventional A n_ m:m.n_:éc ML appro: ach providing better m%.%? .
T, P, and other physical | mating viscosity in hydrocarbons and comparing . N . ability and generalization than pure mathematical [54]
2024 . et . techniques .correlations for specific samples P S
.parameters .with existing correlations .models via high sample count and fraction inputs
datasets from various 156
heavy oil fields in China. | Predicting viscosity of heavy oil diluted with New model predicts diluted heavy oil viscosity | Increased generalization and accuracy across wider
Gao etal., 2022 | Inputs: T, light oil viscosi- | lighter oil using MLP and comparing with existing (Multilayer Perceptron (MLP with higher accuracy; MAPE: 10.44%, Std. Dev: | conditions using 2,299 samples, thermodynamic in- [55]
ty, heavy oil viscosity, and .models 45.8%, R 0.950 .puts, and fractions
.dilution ratio
Stratiev ot al H_mmmmommw\ Mwﬁmwomm_mﬁwon_:w Analyzing viscosity of heavy oil mixtures with di- Viscosity decreases exponentially with increasing | Designed for dead crude oil viscosity using direct
2023 ” ter. WWSEQWG. Mass ratio luents and comparing empirical correlations with Empirical correlations and ANN diluent concentration; ANN performed well com- | inputs from fraction separation and chemical proper- [56]
. and ,_, ANN .pared to correlations .ties, whereas others focus on mixtures
. i . . . . . Back-propagation ANN (15 hidden neurons) - .
Almudhhi et al., Mooo_”am, Inputs: T, 371 Zomo_:.ﬁ romd\ o__ viscosity using Ez_:@_o ML Comparison of Back-propagation ANN and General | achieved 27.1% MAPE on blind test data, out- Uses more ociﬁqor.o:mzn,_:ﬁ:a (fractions, hydro-
ensity, mole fraction, and | models; analyzing impact of T, density, C,, and b . o L gen content, pour point, residual carbon) and a larger [57]
2025 . N Fitting ANN performing GNN (15% MAPE) and empirical )
.molecular  weight .C,; mole fraction . .dataset for better generalization
2 .correlations
. i . . . Strong agreement between predicted and actual | Focuses on dead oil viscosity with fraction and
Lei et al., 2025 lab data points (shear 526 | Predicting apparent viscosity of waxy oils based on | KNN, CNN, AdaBoost, SVR, DT, RF, MLP, and values; provides an accurate estimation method | physico-chemical inputs, unlike studies focusing on

(rate, T, molecular specs

.shear rate, T, and molecular properties

Ensemble Learning

.without costly/time-consuming experiments

.shear-rate-dependent waxy oils
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Table 2. Details of input and output data used for viscosity prediction by machine learning models [59].

abbreviation Equivalent phrase Unit
SGRAV_CRUD Specific gravity of crude -
POUR POINT Pour point °F
CRN Nitrogen in crude % Weight
CAR s wr | Ctbon toidu of i o s, Bl obied o
DLG Light gasoline density gr/cm?
DGN Gasoline and naphtha fraction density gr/cm?
KER DISVOL Kerosene distillate % Volume
DKD Kerosene distillate density gr/cm?
GASOIL_VOL Gas oil % Volume
AVED Gas oil density gr/cm’
NON_LUBVOL No viscous lubricating distillate % Volume
MED LUBVOL Medium viscous lubricating distillate % Volume
VIS LUBVOL Viscous lubricating distillate % Volume
SGRR Specific gravity at 60 °F of the residue -
SU100 Viscosity at 100 °F SUS (Saybolt Universal Seconds)

1. Multilayer Perceptron (MLP)
2. Feedforward Network (FNN)
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Table 3. Statistical parameters for data used for viscosity modeling

Statistical SGRAV_ | POUR_ CRN DGN KER_DIS- | GASOIL_ AVED NON_LUB- | MED LUB- | VIS LUB- SGRR SU100
Parameters CRUD POINT VOL VOL VOL VOL VOL
Mean 0.826 2.938 0.025 0.739 11.725 14.717 0.844 10.062 5.961 0.239 0.941 39.970
Standard Error 0 0.057 0 0 0.084 0.075 0 0.027 0.029 0.010 0 0.097
Median 0.827 5.00 0 0.738 11.001 14.900 0.844 9.900 6.100 0 0.941 39.00
Mode 0.821 5.00 0 0.736 10.50 14.100 0.842 9.700 6.100 0 0.937 38.00
Standard 0.017 2.776 0.035 0.010 4.118 3.687 0.005 1.321 1.434 0.503 0.020 4.725
Deviation
Sample 0 7.711 0.001 0 16.958 13.598 2.84E-05 1.745 2.057 0.253 0 22.327
Variance
Kurtosis -0.216 -0.903 0.654 0.215 0.022 -0.056 0.283 0.433 0.925 2.984 0.179 0.135
Skewness -0.076 0.228 1.268 0.329 0.411 -0.019 0.140 0.282 -0.656 2.058 0.185 0.671
Range 0.105 10.00 0.150 0.069 22.400 19.600 0.033 8.00 9.600 2.00 0.119 23.00
Minimum 0.772 0 0 0.708 2.500 5.300 0.827 6.00 0.500 0 0.886 31.00
Maximum 0.877 10.00 0.150 0.777 24.900 24.900 0.860 14.00 10.100 2.00 1.005 54.00
Sum 1945.341 6919 60.190 | 1740.721 | 27613.300 | 34660.100 | 1988.362 | 23696.100 14040.500 563.100 2216.891 | 94131
Count 2299 2299 2299 2299 2299 2299 2299 2299 2299 2299 2299 2299
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Table 4. Comparison of strengths and weaknesses of the optimization functions used in this study.

Optimizer Strengths Weaknesses
SGD Simple, fast, suitable for large datasets. Sensitive to learning rate, slow convergence in non-con-
vex landscapes.
ASGD Better stability than SGD, reduced oscillations. | Requires more time for averaging, occasionally slow at
the start.
Rprop Scale-independent of gradient, high convergence | Not suitable for noisy data, limited application in deep
speed. networks.
AdaGrad | Automatic learning rate adjustment, suitable for Excessive reduction of learning rate during training.
sparse data.
Adadelta Resolves AdaGrad’s learning rate decay; no May get stuck in local optima for some problems.
initial tuning required.
RMSprop | Suitable for non-stationary problems, dynamic May oscillate around the optimal value.
learning rate.
Adam Combines momentum and RMSprop; fast and Sensitive to hyperparameter tuning; poor performance
stable convergence. with high noise.
AdamW Fixes weight normalization issues in Adam; Requires precise tuning of the weight decay coefficient.
improves generalization.
Adamax More stable than Adam for large gradients. Slower convergence than Adam in certain problems.
NAdam Combines Adam with Nesterov Momentum,; Higher computational complexity and parameter tuning
faster and more accurate. needs.

=5 e s g ol Iy (s e Laoly,
UV YOI W | ) Iy ') B EPUWE Y B LI KPR
Loacs,o olax g 5,50l 7,5 5—B8o pphass
I Gl 3l =T sl o gl A
Lyveo g vey]

Fobsidy 13y (951 ok e

4l ol 1 (SVR) pleity Slo s (55l Jos
Q] Bap g a8l awy Gloay o, b
Jslas L fa_ils sSTas as ccwl b sl
ol e sl bieal slamesls ay cai Llas
osile gla s 5l esliwl Ly LYy 5 V-7
0l (5]4))"& .Ja_a‘s) G)L_MJM u_.»i:l.‘i RBF
s ;0 05294 SVR iy o) 090 o ol 3
a1l golazel Job g Jlasl o, Slee YU olsl L
6‘)—.’ QT 6@;.0\)[% A p_.Ja.._' (Y DB o
IVer]l il 6 ys i 4y o B ebo—ws

1. Random Forest (RF)

2. Ensemble

3. Gradient Boosting (GB)

4. Support Vector Regression (SVR)
5. Margin
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1. Mean Squared Error Loss
2. Mean Absolute Error Loss
3. R2 Score (Coefficient of Determination)
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Huber loss function hs(x)
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Fig. 2 Huber loss function
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Table 5. Parameters used in multilayer perceptron neural network modeling.

Optimization functions

AdaGrad, Adadelta, RMSprop, Rprop, SGD, ASGD, Adam, AdamW, Adamax, NAdam

Learning rates

0.001,0.01 ,0.1

Network type

MLP1, MLP2, MLP3

Parameters for measuring
model accuracy and error

(R2, MSE, L1 (MAE

Activation function type

RelLU

Number of periods

25-800
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Table 6. Training and prediction times of studied models

Model Training Time (s) Prediction Time (ms)
MLP-AdaGrad 68 45
MLP-Adadelta 70 45
MLP-RMSprop 60 44
MLP-Rprop 60 44
MLP-SGD 75 45
MLP-ASGD 80 45
MLP-Adam 40 40
MLP-AdamW 45 40
MLP-Adamax 48 40
MLP-Nadam 42 40
Random Forest (100 trees, scikit-learn) 12 60
Gradient Boosting (100 estimators, scikit-learn) 30 35
SVR (RBF kernel, scikit-learn) 180 150
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Figure 3. Correlation matrix for different parameters
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Fig. 6 Viscosity plot at 100 °F for different input characteristics.
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1. Probability Density Function Analysis (PDF)
2. Exploratory Data Analysis (EDA)
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Fig. 7 Density distribution of the two main parameters of this study including viscosity at 100 °F and specific gravity of
crude oil.
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Fig. 8 Results of training and validation data modeling of viscosity with Adam optimization function in terms of Loss and R?
for two loss functions including MSE and MAE.
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Table 7 Overall results of all optimization functions used in viscosity modeling via multilayer perceptron neural network.

Optimizer Loss Function | Network Type Epoch R2>-Train R>-Test | Loss-Train | Loss-Test
AdaGrad MSE MLPI 50 0.4444 0.4352 0.0231 0.0252
MLP2 70 0.6091 0.6078 0.0162 0.0175
MLP3 75 0.6734 0.6897 0.0136 0.0138
MAE MLPI 50 0.3922 0.3626 0.1214 0.1261
MLP2 70 0.5969 0.6511 0.0935 0.0926
MLP3 75 0.6260 0.6506 0.0984 0.0913
Adadelta MSE MLPI 650 0.2238 0.1869 0.0322 0.0362
MLP2 650 0.1529 0.0991 0.0352 0.0402
MLP3 700 0.0245 0.0232 0.0405 0.0435
MAE MLPI 600 0.2392 0.2252 0.1365 0.1413
MLP2 650 0.2003 0.1279 0.1399 0.1498
MLP3 800 0.2149 0.1817 0.1395 0.1464
RMSprop MSE MLPI 25 0.1921 0.2806 0.0336 0.0321
MLP2 25 0.1459 0.1215 0.0355 0.0392
MLP3 25 0.0350 0.0401 0.0401 0.0428
MAE MLPI 25 0.2790 0.3429 0.1329 0.1295
MLP2 25 0.0630 0.1498 0.1533 0.1498
MLP3 25 0.0829 0.1736 0.1497 0.1454
Rprop MSE MLPI 50 0.7257 0.7348 0.0114 0.0118
MLP2 50 0.7554 0.6923 0.0102 0.0137
MLP3 55 0.6587 0.7326 0.0142 0.0119
MAE MLPI 50 0.7262 0.7295 0.0785 0.0786
MLP2 50 0.7302 0.7424 0.0776 0.0763
MLP3 60 0.8023 0.8194 0.0647 0.0627
SGD MSE MLPI 30 0.1471 0.1785 0.0354 0.0366
MLP2 50 -0.1174 -0.1320 0.0464 0.0505
MLP3 70 -0.0197 -0.0486 0.0423 0.0467
MAE MLPI 25 -0.0406 0.0354 0.1555 0.1554
MLP2 50 -0.0090 -0.0156 0.1553 0.1616
MLP3 70 -0.0291 -0.0493 0.1596 0.1652
ASGD MSE MLPI 50 0.1709 0.1799 0.0344 0.0366
MLP2 60 0.2081 0.2178 0.0329 0.0349
MLP3 80 0.0870 0.0758 0.0379 0.0412
MAE MLPI 30 0.0092 -0.0174 0.1580 0.1640
MLP2 50 0.1536 0.1362 0.1442 0.1498
MLP3 60 -0.0569 -0.0789 0.1619 0.1674
Adam MSE MLPI 120 0.8036 0.8262 0.0082 0.0077
MLP2 120 0.8210 0.8432 0.0074 0.0070
MLP3 120 0.8279 0.8457 0.0071 0.0069
MAE MLPI 120 0.8140 0.8355 0.0626 0.0602
MLP2 120 0.8135 0.8438 0.0618 0.0588
MLP3 120 0.8161 0.8409 0.0610 0.0596
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MLP1 130 0.7863 0.8006 0.0089 0.0089
MSE MLP2 130 0.8159 0.8385 0.0076 0.0072
MLP3 130 0.8269 0.8480 0.0072 0.0068
AdamW
MLP1 120 0.7991 0.8184 0.0644 0.0633
MAE MLP2 120 0.8037 0.8266 0.0637 0.0621
MLP3 120 0.8059 0.8390 0.0633 0.0602
MLP1 140 0.7944 0.8053 0.0085 0.0087
MSE MLP2 140 0.8140 0.8346 0.0077 0.0074
MLP3 160 0.8192 0.8401 0.0075 0.0071
Adamax
MLP1 130 0.7937 0.8086 0.0670 0.0650
MAE MLP2 140 0.8173 0.8356 0.0614 0.0603
MLP3 140 0.8170 0.8377 0.0612 0.0602
MLP1 60 0.6851 0.6810 0.0131 0.0142
MSE MLP2 80 0.6584 0.7003 0.0142 0.0134
MLP3 80 0.5477 0.6316 0.188 0.0164
Nadam
MLP1 60 0.5828 0.6728 0.0950 0.0942
MAE MLP2 80 0.5625 0.6830 0.0970 0.0942
MLP3 100 0.5972 0.7028 0.0931 0.0896
Network type: MLP
Constants Learning rate: 0.01
Number of neurons in the first, second and third hidden layers: 30, 20 and 10
Activation function type: ReLu
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Figure 10. Comparison of MSE values for different optimization functions.
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Table 8 Best results obtained based on different optimization functions

Network Loss function Optimi;ation Epoch Rz.' R?-Val | R2-Test Loss- Loss-Val | Loss-Test
type function Train Train
AdaGrad MSE MLP3 75 0.6734 | 0.6950 | 0.6897 | 0.0136 | 0.0127 0.0138
Adadelta MAE MLP1 600 0.2392 | 0.2511 | 0.2252 | 0.1365 0.1361 0.1413
RMSprop MAE MLP1 25 0.2790 | 0.3214 | 0.3429 | 0.1329 | 0.1312 0.1295
Rprop MAE MLP3 60 0.8023 | 0.8242 | 0.8194 | 0.0647 | 0.0622 0.0627
SGD MSE MLP1 30 0.1471 | 0.1785 | 0.1785 | 0.0354 0.0342 0.0366
ASGD MSE MLP2 60 0.2081 | 0.2406 | 0.2178 | 0.0329 | 0.0316 0.0349
Adam MSE MLP3 120 | 0.8279 | 0.8447 | 0.8457 | 0.0071 0.0065 0.0069
AdamW MSE MLP3 130 0.8269 | 0.8422 | 0.8480 | 0.0079 0.0066 0.0068
Adamax MSE MLP3 160 | 0.8192 | 0.8415 | 0.8401 | 0.0075 | 0.0066 0.0071
NAdam MSE MLP2 80 0.6584 | 0.7159 | 0.7003 | 0.0142 | 0.0118 0.0134
Learning rate: 0.01
Constants Number of neurons in the first, second and third hidden layers: 30, 20 and 10
Activation function type: ReLu
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Table 9 The effect of increasing the learning rate on the experimental data in the three selected algorithms.

Optimiza- Loss Network | Learning | Epoch | R2-Train R2-Val R%-Test | Loss-Train | Loss-Val | Loss-Test
tion function | function type rate
Adam MSE MLP3 0.1 25 -0.0791 -0.2587 | -0.3605 0.0448 0.0524 0.0606
0.01 120 0.8279 0.8447 0.8457 0.0071 0.0065 0.0069
0.001 150 0.7106 0.7533 0.7048 0.0210 0.0103 0.0132
AdamW MSE MLP3 0.1 25 -0.6240 -0.7125 | -0.0429 0.0674 0.0714 0.0465
0.01 130 0.8269 0.8422 0.8480 0.0072 0.0066 0.0068
0.001 150 0.7683 0.7798 0.7827 0.0096 0.0092 0.0097
constants Number of neurons in the first, second and third hidden layers: 30, 20 and 10
Activation function type: ReLu
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Table 10 Effect of the number of neurons in each layer on Loss and R%.

Optimization function | Network type | Epoch Hidden layer R>-Train | R2-Test | Loss-Train | Loss-Test
18t 2nd 3rd
Adam MLP3 120 15 10 5 0.7209 | 0.7318 0.0116 0.0120

30 20 10 0.8279 0.8457 0.0071 0.0069
60 40 20 0.8179 0.8311 0.0076 0.0075
AdamW MLP3 130 15 10 5 0.7784 0.7885 0.0092 0.0094
30 20 10 0.8269 0.8480 0.0072 0.0068
60 40 20 0.8321 0.8541 0.0070 0.0065

constants Learning rate: 0.01

Loss function type: MSE

Activation function type: ReLu
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Fig. 13 Results of the AdamW optimization algorithms in terms of Loss and R? for the entire data.
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Table 11. Statistical indices calculated for the four algorithms examined in this study.

Model Data Type AAPRE RMSE R?
Multi-Layer Perceptron (MLP)-AdamW Train set 3.1853 1.8031 0.8321
Test set 3.2448 1.8064 0.8541
Random Forest (RF) Train set 1.3071 0.7390 0.9749
Test set 3.6030 2.0442 0.8191
Gradient Boosting (GB) Train set 2.4410 1.3242 0.9196
Test set 3.5004 2.0012 0.8266
Support Vector Regression (SVR) Train set 3.4395 2.0386 0.8095
Test set 3.8850 2.3059 0.7699
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Table 12 The results of 10-Fold Cross-Validation for the four algorithms examined in this study.

Models AAPRE (mean + SD) RMSE (mean + SD) R? (mean + SD)
Multi-Layer Perceptron (MLP) 3.26+0.09 1.82+0.05 0.851+0.012
Random Forest (RF) 3.55+0.11 2.03+0.07 0.523+0.018
Gradient Boosting (GB) 3.42+0.08 1.98+0.06 0.836+0.010
Support Vector Regression (SVR) 3.88+0.13 2.29+0.10 0.771£0.021
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Fig. 15 Results of SHAP and permutation importance analysis for the four models studied.
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