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Abstract:

Applying data science methodology, the study examined the separation of
gas and crude oil in the state of the QE2 compressor in Monagas,
Venezuela. It began with a descriptive statistical study that found and
eliminated 2.22% of anomalous data, revealing a trimodal behavior for
crude oil and a bimodal for gas. With skewness and a coefficient of
determination (R?) where 0.7645 for the gas-crude ratio, both variables had
a coefficient of variation greater than 20%. The K-means algorithm was
used, which found four well-formed clusters. However, the Kruskal-Wallis
method could not find statistically significant differences between them,
suggesting that the variability is due to different operating rules, crude
types or process errors, rather than clearly differentiated groups. Finally, a
Random Forest algorithm was developed with one hundred trees. The most
significant achieved an accuracy of 0.9929. Despite an initial Gini value of
0.725 (moderate impurity), it was segmented into two branches. The
branch with a raw value <1.15 Thousands of Barrels of Crude Oil per Day
(MBNPD) showed superior performance, with a Gini value of 0.01,
indicating near-perfect purity. This shows that this branch classifies with
high accuracy.
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1. INTRODUCTION

When oil is found in subterranean reservoirs
under high pressure, natural gas is usually dissolved
in the crude oil. During production, when the oil is
pumped to the surface, a decrease in pressure is
experienced, which causes the release of this gas
[1,2]. Consequently, before starting the refining
process, it is essential to separate the dissolved gas
from the oil [3]. This phenomenon explains why, in
the extraction and processing stages, it is often
necessary to divide the produced fluid into its main
components: oil, gas, water and solids (sediments).
For this purpose, specialized equipment is used that

applies different separation principles, such as
gravity decanting, thermal separation, electrostatic
separation, and even combinations of these
methods [4,5]. Associated gas is considered a
valuable resource in the oil industry, mainly due to
its composition, which wusually includes liquid
hydrocarbons heavier than methane, such as
ethane, propane, and butane, increasing its
economic value and usefulness compared to dry
natural gas [6,7].

In this context, the primary separation of gas and
condensate streams, coming from production wells
or previous oil separation stages, constitutes a
critical operation, as it largely determines the
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quality of the final products and defines the
operating conditions for downstream processes.
Efficiency at this stage directly impacts system
stability, overall energy efficiency and emission
reduction [8,9]. This separation is carried out by
high- or low-pressure separator tanks, installed
close to the point of extraction, either onshore or
on offshore platforms, and designed to receive
multiphase hydrocarbon streams [10,11]. The
optimal selection of pressure and temperature in
surface separators maximizes the yield and quality
of the liquids obtained, allowing for efficient
separation of the gas, oil/condensate, and water
phases [12].

The multiphase flow entering a flow station must
be subjected to a separation process, which is
characterized by a continuous operation based on a
set of interrelated equipment that allows receiving,
separating, measuring, temporarily storing and
pumping the fluids coming from adjacent wells. This
operation requires rigorous control, as well as
permanent recording and inspection of each of the
operating variables at all stages of the process [13].
The quality of the streams produced and,
consequently, the operating conditions of the
subsequent stages of the processing system depend
to a large extent on the efficiency of this initial
stage. A poor separation operation can cause
multiple problems during transport, compression
and subsequent treatment of the streams, such as
the presence of water, gas or sediments out of
specification [9,12,14].

Therefore, the separation process is one of the
key parts in the natural gas and oil industry [15]. The
aforementioned ensures that crude oil represents
the main product and its destination is the
petrochemical industry, while the separated gas has
three main destinations, which are channelling it for
commercialization or electricity generation,
reinjecting it into reservoirs to obtain more crude
oil, or burning it [3].

The studies on crude gas separation initially
focused on solving operational problems, such as
the work developed by Callaghan et al. [16], who
studied severe foam formation issues in first and
second stage separators that caused a massive
carryover of crude into the pipelines. Technological
advancements led to the use of simulators, such as
the work of Pan-Echeverria et al. [9], which allowed
for the determination of the operational limits of
the process through sensitivity to changes in
pressure, composition, and temperature, thereby
enabling process optimization. Use of artificial
intelligence for modeling a biphasic separation

system that is part of an initial receiving stage at a
crude oil collection station [4]. Additionally,
computational fluid dynamics has been applied to
verify the efficiency of the separation process [17].
Subsequently, various advanced adsorption and
filtration materials have been developed to improve
the performance of crude oil and water separation
[18]. And finally, in accordance with current times,
work is being done to analyze the mechanism of
crude-gas separation by a polymer permeable
membrane and the key factors affecting the
opportunity for gas separation through numerical
calculations and simulations [19].

In separation systems specifically, artificial
intelligence has supported the identification of two-
phase systems, the detection of abnormal
conditions, and the discovery of regimes directly
from plant data, demonstrating tangible benefits
for monitoring and control [4,20-22]. Efforts related
to reservoir and production analysis further
motivate the integration of machine learning (ML)
with  domain constraints throughout the
hydrocarbon value chain [23].

For unsupervised discovery of operating
regimes, K-means remains a simple but powerful
benchmark, with well-known behavior, widely
evaluated in the literature, and effective for
clustering large-volume telemetry into coherent
states useful for monitoring and control [24-26]. For
supervised tasks, Random Forests (RF) provide high
accuracy, robustness to noise, and interpretable
variable importance through Gini-based measures,
properties that are attractive for the classification
and diagnosis of industrial conditions in changing
operating  environments  [27-29].  Previous
applications to oil and gas separation processes
have shown that combining clustering for regime
segmentation with tree-based learners for state
discrimination improves both interpretability and
operational feasibility [20-22].

Based on the description, in Monagas,
Venezuela, there is the QE2 compressor station,
which is referred to as a compression gathering
station because it increases the pressure of the gas
coming from 12 active wells, of which 7 are
associated fields and 5 are non-associated fields.
The associated gas arrives at the collection station
and then proceeds to the flow station, where it is
separated from the crude oil. The gas goes to
compression, and the crude is stored in tanks for
subsequent pumping.

According to the description, the purpose of this
research was to analyze the gas-crude separation
process at the QE2 compressor station using
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machine learning algorithms such as K-means and
Random Forest, all based on data science
methodology.

2. MATERIALS AND METHODS

This study is observational and retrospective in
nature, based on secondary data. Historical records
of 1,440 days of production corresponding to the
gas-crude separation stage at the QE2 compression
station (Monagas, Venezuela) were analyzed. The
data comes from PDVSA Gas's operational
recording system and was extracted in tabular
format. The original operational labels and their
engineering units, Thousands of Barrels of Crude Qil
per Day (MBNPD) and Millions of Cubic Feet per Day
of gas (MMSCFD), were retained. The observation
window, sampling frequency, and total number of
valid records were reported in a consolidated
manner in a quality control table.

Analytical processing was carried out using the
Anaconda Navigator program, which facilitated the
management of  Python packages and
environments. To this end, a notebook was created
in Jupyter Notebook, which streamlined the
preparation and dissemination of the document,
which included codes, text, equations,
mathematical formulas, and statistics. The
methodology applied is shown in Fig. 1, which was
based on the data science project process according
to O'Neil and Schutt [30].
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Fig. 1. Data science project process

Based on the phases shown, the activities
carried out were:

¢ Data processing: the necessary libraries, such
as numpy and pandas, were initially loaded into the
Jupyter Notebook, and a DataFrame (datal) was
generated, which contained the information from
the “CLUS.csv” file, including information about
MBNPD and MMSCFD.

¢ Data cleaning: the existence of null and missing
data was verified, and it was confirmed that the

data was numerical. A boxplot and a scatter plot
revealed outliers in gas and crude oil.

¢ Exploratory data analysis: descriptive statistics
were applied, and the coefficient of dispersion (R2)
of the data was obtained.

¢ Machine learning, algorithms, static models: K-
means algorithms, silhouette index, Kruskal-Wallis
method, and Random Forest were applied.

e Communication, visualization, and reporting of
findings: this is fulfilled by the writing of this
document.

3. RESULTS AND DISCUSSION

In accordance with the established methodology,
the necessary libraries were initially imported into
the Jupyter Notebook environment, followed by the
construction of the corresponding DataFrame.
Fig. 2a) presents a visualization of the first and last
five records of a set of 1,441 observations,
corresponding to the gas (MMSCFD) and crude
(MBNPD) production variables. It is important to
note that no missing data (Missing values) were
detected and that all records were stored as float
data, which indicates a numerical representation
with decimals. In addition, there was no evidence of
non-null values, as shown in Fig. 2b).

CRUDO (MBND) GAS (MMPCND)

0 2.60 260.69
1 2.59 255.90
2 2.04 226,69
3 1.85 184.99
4 1.84 183.79
1436 0.81 13267
1437 0.80 140.59
1438 0.82 144,67
1439 0.76 123.47
1440 0.83 141.64

1441 rows x 2 columns

a)

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 1441 entries, © to 1440
Data columns (total 2 columns):
# Column Non-Null Count Dtype
(<) CRUDO (MBND)
1 GAS (MMPCND)
dtypes: float64(2)
memory usage: 22.6 KB

1441 non-null float64
1441 non-null float64

b)
Fig. 1. a) DataFrame of gas-crude production from the
QE-2 compressor plant; b) Non-null data, data types,
and missing data of the DataFrame
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Fig. 3 shows the boxplot diagrams of the
variables analyzed, which show the presence of
outliers. In crude oil production, values outside the
upper range (whisker) are identified, while in gas
production, values below the lower limit are
observed. It is worth noting that outliers can
significantly affect cluster analysis results, given
their sensitivity to non-representative variables.
These may correspond to genuine but not very
general observations or to limited samples that
distort the true structure of the data, leading to
unrepresentative clustering [31]. In this study,
outlier data represented 2.22% of the total, which
is why they were eliminated, leaving a set of 1409
observations for the analysis.
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Fig. 3. Boxplot diagram for outlier data

The analysis of the scatter diagram (Fig. 4) for
the crude oil and gas production variables shows a
high degree of dispersion without a clear trend,
attributable to the heterogeneity of the values
recorded during the operation. Regarding the gas
variable, most of the data are concentrated
between 150 and 275 MMSCFD, while for crude oil,
the values predominate between 1 and 2.5 MBNPD,
although with greater relative dispersion.

This behavior can negatively affect the
performance of the production system, since the
alternating arrival of large volumes of liquid and gas
hinders the efficiency of the separation process and
can damage the internal components of the
separators. Likewise, flow intermittency
compromises the operational efficiency of pumping
and compression equipment, increasing the
frequency of failures [32]. Fig. 4 below shows the
dispersion diagram for crude oil Fig. 4a) and gas
Fig. 4b).
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Fig. 4. Scatter diagrams: a) crude oil; b) gas

The observed behavior could be attributed to
the complex nature of crude-gas mixtures, whose
composition varies continuously due to multiple
factors. Physical and chemical properties such as
density, viscosity and gas-liquid ratio can fluctuate
due to the effect of changes in the reservoir,
production rates or environmental conditions
[2,33,34]. Additionally, the separation process is
inherently dynamic and highly sensitive to
operating variables such as pressure, temperature,
and volumetric flow rate. Variations in these
conditions can induce significant instabilities and
oscillations in the recorded data [33,35].

In the descriptive statistical analysis of the
cleaned data, it was observed that crude oil
production ranged from 0.5 to 3.99 MBNPD, with an
average of 1.83 MBNPD. Gas production ranged
from 83.94 to 321.54 MMSCFD, with an average of
204.96 MMSCFD.

Likewise, Table 1 shows coefficients of variation
(CV) of 27.77% for gas and 38.05% for crude oil,
which confirms a high variability in both variables.
According to Rivas et al. [36], coefficients of
variation higher than 20% reflect a high degree of
heterogeneity, which justifies the need to analyze
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which variables have a more significant influence on
the behavior of the system.

In terms of asymmetry, the gas variable shows a
slight negative skewness (-0.089), while that of
crude oil shows a moderate positive skewness
(0.4760). These results are consistent with the
degree of dispersion observed: a negative skewness
implies a concentration of values towards the upper
end (leftward dispersion), and a positive skewness
indicates values concentrated at the lower end
(rightward dispersion), according to Veliz-Capuiay
[37]. Regarding kurtosis, both variables exhibit
negative values (K < 0), with the effect more
pronounced in the case of gas, indicating a
platykurtic distribution. This statistical
characteristic suggests a lower concentration of
values around the mean and greater dispersion, as
pointed out by Contreras et al. [38].

Table 1. Descriptive statistics of plant gas and crude oil
production

Gas (MMSCFD) | Crude (MBNPD)
Minimum 83.94 0.5
Median 197.03 1.79
Mean 204.96 18.32
Kurtosis -0.962 -0.0115
Skewness -0.089 0.4760
Standard 52.811 0.6973
Deviation
Variance 2789.04 0.4862
CV (%) 27.77 38.06
Maximum 321.54 3.99

The analysis of gas (MMSCFD) and crude oil
(MBNPD) production distributions, shown in Fig. 5,
reveals a multimodal behavior for both fluids. In the
case of gas, a clearly trimodal distribution is
observed, while in crude oil, a bimodal distribution
with positive skew predominates. This type of
behavior suggests that the separation system does
not operate under uniform conditions, but is
influenced by different operating regimes or
sources of variability [39]. In this sense, the
presence of several modes could be associated to
different factors such as changes in fluid
composition as a consequence of variations in
pressure, temperature or flow rate of the separator
that can generate different modes in the
distribution, equipment problems, changes in the
separator efficiency that can generate abrupt
variations in gas production, stratification of the
reservoir due to the fact that in some reservoirs the
production can have abrupt changes as a result of

the different layers that conform it, due to the fact
that the composition of the natural gas varies with
time as a consequence of changes in the reservoir
or as a result of the influence of external variables
that affect the process. Fig. 5 below shows the
Production histogram: (a) crude oil; (b) gas.
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Fig. 5. Production histogram: a) crude oil; b) gas

Also, the bimodal distribution observed in crude
oil production suggests the existence of two distinct
groups of operating behavior, which could reflect
the occurrence of two distinct states in the
separation process. This may be due to the
presence of free water in the crude, which can
generate two different modes in the distribution,
changes in crude density due to variations in the
crude composition can lead to different densities
and, therefore, to different separation efficiencies,
problems in the separator that cause failures in the
separator internals or sediment accumulations that
can generate two different modes in the
distribution or the presence of multiphase flow with
different phases that lead to generate bimodal
readings.

The analysis of the relationship between natural
gas and crude oil production, using the scatter plot
(Fig. 6), shows a direct correlation between the two
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variables. In other words, higher gas volumes are
generally associated with higher crude oil volumes,
and vice versa. This positive relationship suggests
synergistic behavior in the production system,
possibly conditioned by common operational
characteristics or by the flow regime of the
reservoir. The coefficient of determination (R? =
0.7645) confirms a strong correlation, implying that
approximately 76.45% of the variability of one
variable can be explained by the other, while the
remaining 23.55% may be due to external factors
not considered in the model, such as variations in
reservoir pressure, mechanical interference, or
differences in separation efficiency [35].

The observed behavior can be attributed to the
water, sediments, or salt presence as contaminants
in the crude oil. These contaminants can influence
the process of gas—liquid separation, which in turn
can cause deviations in the behavior of the involved
variables. Variations in operating conditions of the
separator, such as temperature, flow rate, and
pressure, can significantly affect the efficiency of
the separation process. Similarly, this process can
be influenced by variations in crude oil composition
and increases in the gas-oil ratio in some wells.

Volume of gas and crude oil handled (QE2)
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Fig. 6. Dispersion of gas-oil production from the QE-2
plant

To begin the clustering process using the K-
Means algorithm, it was necessary to first
determine the optimal number of clusters (k). As
pointed out by Bishop [40], the choice of the
number of clusters can be subjective, since many
estimation techniques make implicit assumptions
about the structure of the data, which must be met
for the model to be valid.

In this study, the elbow method was applied [34],
who point out that to calculate the ideal number of
clusters k based on the inflection point in the
graphical representation, the objective of the

algorithm is to reduce the sum of the squared
distances in the clusters k. Fig. 7 shows that the
elbow is formed from the fourth cluster onwards,
indicating that adding more clusters would not
significantly improve the quality of the
segmentation, so this value was selected as the
input value of “k” for the K-Means algorithm.

5041 @

40 4

Inertia

20

10 .

Number of clusters
Fig. 7. Elbow method for determining the number of
clusters

Fig. 8 shows the four clusters obtained using the
K-means algorithm. The red cluster stands out, with
points close to each other and around the centroid,
indicating high cohesion and a highly stable,
predictable separation process from a theoretical
point of view. The results obtained are consistent
with the findings of Rodriguez et al. [41], who state
that the main purpose of cluster analysis is to group
objects based on their properties. The resulting
clusters of objects exhibit high levels of internal
uniformity and external diversity. By forming
uniform groups, taxonomies can be described,
information simplified, and relationships identified.

Gas-crude production QE-2 plant
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Fig. 8. Clustered gas-oil relationship and cluster
centroids

The dispersion of points across the other clusters
could indicate greater variability in the separation
process under certain conditions and may provide
information about its robustness across conditions.
The behavior shown by the clusters leads us to point
out that clusters of uniform sizes are observed,
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which may mean that there are conditions that are
repeated frequently and must be taken into
account.

One way to check whether the red cluster is the
most cohesive is by measuring the quality of the
cluster, for which the Silhouette algorithm was
applied. The algorithm evaluates a measure of the
similarity of an object (centroid) to its own cluster
(cohesion) in comparison with other clusters
(separation) [23]. The Silhouette index ranges from
-1to 1, where a high value indicates that the object
is well adapted to its own cluster and distant from
neighboring clusters [42]. Cluster zero obtained the
highest value (Table 2), confirming that it is of the
highest quality and therefore exhibits greater data
cohesion; however, the other clusters are well
formed, as their Silhouette index values tend
towards 1.

Table 1. Silhouette coefficient for each cluster

Cluster Color Siluetta coefficient
Zero Red 0.7461
One Blue 0.6618
Two Yellow 0.5467
Three Black 0.5804

To determine whether there were statistically
significant differences between the medians of the
clusters formed, the nonparametric Kruskal-Wallis
method was applied. Fig. 9 shows that there are no
statistically significant differences between the data
that make up the clusters. Therefore, the centroids
are not very far apart, and the behavior shown is a
consequence of the presence of different operating
regimes, types of crude oil, or even process failures.

Estadistico H: 3.0000

Valor-p: 0.3916

No hay evidencia suficiente para rechazar la hipdtesis nula.
Los grupos no tienen medias significativamente diferentes.

Fig. 9. Kruskal-Wallis Method

Based on the results obtained, it is possible to
point out that the formation of clusters in gas-crude
production may be related to factors that affect the
efficient operating conditions of the wells that
converge at the plant. In mature fields, production
conditions are not favorable for wells, and in natural
gas wells, liquid accumulates at the bottom of the
wells, which results in a decrease in gas production
due to the generation of a hydrostatic fluid column
caused by the accumulation of liquids that can
become large enough to stop the well from flowing
[43,44].

Likewise, some wells may be experiencing high
water cuts and high RGP, mainly due to the release
of dissolved gas or the expansion of the gas layer,
which is natural behavior in mature reservoirs. This
may be causing intermittent flow and, in turn,
abrupt variations in production, leading to multiple
consequences for fluid separation efficiency.

Finally, in accordance with the proposed
methodology, a Randow Forest was applied as an
additional approach to provide certainty in
decision-making. One hundred trees were obtained,
which, according to Prabhu et al. [45] represent the
n-estimators or number of decision trees, where a
greater number of trees improves performance but
can increase the algorithmic complexity of the
Randow Forest. Fig. 10 shows the best tree with an
accuracy of 0.9929 out of the 100 trees generated
by the algorithm. This means that this particular
tree achieves an almost perfect classification of the
data according to the characteristics used (crude oil
and gas).

Within the set of trees generated by the Random
Forest model, a tree with an accuracy of 0.9929 was
identified, considered the most significant due to its
high contribution to the overall accuracy of the
model. Breiman [27] established that the
importance of a tree within a forest can be
evaluated by its impact on overall predictive
performance. This tree is used to provide a robust
representation of the system's classification rules. It
demonstrates the model's ability to segment
operational data from the gas-crude separation
process using critical variables.

The first decision point is represented as the root
node of the tree, which uses the “crude” variable.
This highlights its greater discriminatory power
compared to the “gas” variable. The model's initial
decision is based on dataset segmentation using a
cutoff value of 1.165 MBNPD. This value is closer to
the centroid of cluster 1 (0.955 MBNPD) than to that
of cluster 0 (1.9775 MBNPD), as previously
determined by the K-means algorithm. The
proposed segmentation indicates that the model
prioritizes classifying records linked to small
volumes of crude oil, representative of cluster 1.
This preference aligns with the interpretation that
this group represents the conditions for a high fluid

purity.
The impurity of the root node, measured by a
Gini index of 0.725, indicates substantial

heterogeneity in the data before the first partition.
Yet, following the left branch (Crude < 1.15 MBNPD)
yields a node with a Gini index of 0.01, indicating
almost perfect purity and suggesting that most
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observations in that branch belong to a single class.
This behavior suggests that the low crude oil
production region represents a stable operating

state of the system and has structurally consistent
characteristics.

Fig. 10. Tree with the highest accuracy from the Random Forest

On the other hand, when moving towards the
right branch (Crude > 1.165 MBNPD), the tree
continues with new divisions using the “gas”
variable, establishing cuts such as 216.65 MMSCFD,
a value that approximates the centroid of cluster O
(247.15 MMSCFD). However, the Gini value at that
node is still 0.664, indicating significant class mixing,
which is why the tree branches further to achieve
purer divisions.

This segmentation pattern suggests that,
although Random Forest is not designed to validate
clusters as cluster analysis does, its structure allows
for improved separation between classes by
progressively reducing impurity in each node. As
indicated by Menze et al. [28], the Gini index
provides a computationally efficient means to
evaluate the effectiveness of successive divisions.

In this context, the variable importance analysis
revealed that “crude” contributes 54% of the total
relevance of the model, while ‘gas’ contributes 46%,
values extracted from the feature-importance-
model attribute. This result supports the selection
of “crude” as the initial variable in the most
representative tree. The threshold of 1.165 MBNPD
appears as an optimal operational separation point,
associated with production conditions in which
regimes with different stability and efficiency are
clearly distinguished.

From a physical-operational point of view, the
variable “crude” is interpreted as reflecting
characteristics associated with the quality or
stability of the fluid, such as water content,
condensate concentration, or flow fluctuations,
which are more homogeneous in cluster 1 and more
variable or disturbed in cluster 0. Thus, the tree
architecture reflects not only statistical decisions
but also concrete manifestations of the behavior of
the separation system, which strengthens the
validity of the model as a tool to support
operational decision-making.

The present analysis, based on the evaluation of
the most representative tree within the Random
Forest model (accuracy: 99.29%), is in line with
recent studies that highlight the effectiveness of
decision tree-based models for diagnosing,
classifying, and optimizing complex industrial
processes. For example, Li et al. [29] applied
Random Forest to detect faults and anomalies in
wells and production lines, achieving exceptional
accuracies of 96% when they had balanced and
well-preprocessed data. Their study coincides with
the present analysis in recognizing that the
selection of relevant variables (such as “crude oil”)
has a decisive impact on the architecture of the
model and its operational interpretation capacity.
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Similarly, Quan et al. [20] employed Random
Forest in structural analysis for fault diagnosis in
pipelines, enabling the identification of critical
variables and improving operational management.
They also emphasize that Random Forest, by using
the Gini index to assess variable importance, allows
the identification of the most influential factors in
the occurrence of failures. This facilitates the
prioritization of actions and informed decision-
making in pipeline system management and
maintenance. Similar to the present study, they
agree that the value of the decision tree lies not
only in its predictive capability but also in its
usefulness as a tool for structural system analysis.

Regarding the clustering process, Regarding the
clustering process, Yu et al. [21] applied K-means
clustering to evaluate the gas content in methane
reservoirs in coal beds in order to classify reservoir
types. This analysis is directly comparable to the
present work, in which the segmentation into four
clusters reflected different operating conditions,
which were subsequently validated by the Random
Forest tree through the proximity of the cut-off
points to the centroids.

Finally, Fan et al. [22] emphasize that in complex
and highly variable processes such as oil-gas
separation, the combination of supervised
techniques like Random Forest and unsupervised
techniques like K-means enables the construction of
hybrid models that leverage the ability of
supervised algorithms to identify precise
relationships and the capacity of unsupervised
methods to uncover hidden patterns. This enhances
both interpretability and model performance, a
methodological approach that also supports the
framework applied in this study.

4. CONCLUSION

During the initial phase of this study's analysis,
data quality was verified to ensure there were no
null or missing values. A small percentage (2.22%)
of outliers were removed to improve the
representativeness of the sample. This contributed
to the creation of a solid, reliable data set.
Preliminary analysis of the variables revealed that
gas and crude oil production exhibited noteworthy
variability. This was evidenced by coefficients of
variation greater than 20%, suggesting significant
heterogeneity in operating conditions. The
distributions of both variables were multimodal and
platykurtic, with negative skew for gas and positive
skew for crude oil. These observations suggest the
existence of extreme values in the analyzed data.

Despite these variations, a strong and direct
correlation was found between gas and crude oil (R?
=0.7645).

The K-Means algorithm identified four main
clusters, with one particularly cohesive cluster
representing stable operating conditions. Although
the Silhouette index confirmed good cluster
segmentation, the Kruskal-Wallis test found no
statistically significant differences in their medians,
suggesting that the observed variability is due to
multiple factors rather than marked structural
differences between the groups.

The Random Forest model demonstrated high
predictive power, with an accuracy of 99.29%. The
“crude” variable was identified as the most
important for data classification. This high accuracy
validates the robustness of the approach and
provides valuable information for decision-making,
such as liquid carryover management and
separation optimization. The high operational
variability found underscores the need to
implement continuous monitoring and early
warning systems. The development of predictive
maintenance mechanisms based on the patterns
identified by machine learning models is
recommended.

The application of data science and artificial
intelligence allowed us to understand the
complexity of the gas and crude oil separation
process. This methodology not only facilitated the
identification of hidden patterns and the
segmentation of operating regimes but also laid the
foundation for more efficient and proactive
management of the resources and equipment
involved.
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