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Abstract- Formation of hydrates is a serious flow
assurance issue in offshore oil and gas production, which
is usually the cause of blockage of pipelines, production
shutdown and safety risks. The interactions between
pressure, temperature, water cut and flow regime are not
linear and hydrate events are uncommon, complicating
the early detection of them which makes datasets
extremely imbalanced. This paper examines the use of
machine learning (ML) models in predicting hydrate,
including the use of skewed failure data. An artificial
sample of 10,000 samples was created with the key
multiphase flow variables, and the models of Logistic
Regression, Random Forest, Support Vector Machine
(SVM), and XGBoost were trained and evaluated.
Baseline models reached high overall accuracy (91%-
95%) and low vrecall of hydrate events (12%-22)
demonstrating the inefficiency of the traditional training
of unbalanced data. Oversampling the minority-classes
using SMOTE resulted in a significant improvement in
the detection of the minority-classes; XGBoost recall
increased from 22 to 81, the F1-score improved from 33 to
73, while the AUC-PR increased by 0.79. Cost-sensitive
learning was more accurate (as high as 74% with SVM)
but of lower recall than SMOTE-enhanced models. The
findings have shown that the ensemble tree-based models,
which have been used together with oversampling
methods, represent the best early-warning of hydrate
formation in imbalanced conditions. This research
verifies that operational reliability and safety of subsea
pipeline systems can be significantly enhanced in case of
using ML with an adequate imbalance mitigation.

L INTRODUCTION

The ability of gas hydrates to develop in multiphase
flowlines under the sea is a severe operational risk, as
it may cause the possibility of blockage of pipelines,
halting of production and safety hazards. Hydrates
are usually formed when there is the presence of free
water and hydrocarbons low temperatures and high
pressure (Sloan and Koh, 2018). Conventional
hydrate forecasts are based on commercial simulators
or thermodynamic modeling, which do not involve
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capturing the interaction of complex parameters and
transient flow behavior (Adewunmi and Bello, 2021).

The growing access of real-time sensors data has
promoted the use of machine learning (ML) in
predicting hydrates. However, hydrate failures are
extreme occurrences and lead to extremely
unbalanced datasets in which normal flow conditions
prevail. This causes biased predictions and
insensitivity to the onset of hydrate (Kraljevic & Nur,
2022). In this paper, the authors are researching the
problem of ML-based hydrate prediction and explore
the methods to enhance the performance on
unbalanced datasets. It is based on model behaviour,
mitigation of imbalance and assessment using
realistic multiphase flow parameters

II. LITERATURE REVIEW

Multiphase pipeline systems are prone to hydrate
formation, which forms a significant risk in the flow
assurance especially in offshore and deep-water
operations. Crystalline solids (hydrates), which may
develop in pipelines and have a severe effect on flow,
are formed as a result of the reaction of water and
hydrocarbon gas molecules at high pressure and low
temperature (Sloan and Koh, 2018). Deep water
production is exceptionally susceptible because of
naturally low seafloor temperature that enhances the
chances of hydrate formation (Akeredolu and Zhang,
2020). As research shows, the growth of hydrates is
hydrate formation is highly dependent on operational
conditions including flow regime, retention of water,
the ratio of gases and liquids, as well as the
concentration of chemical inhibitors; Local hydrate
formation is promoted by high water cutoff and
specific flow regimes (Smith et al., 2019; Johnson
and Lee, 2021). The interactions rely on the
knowledge of effective mitigation and predictive
modeling. In the recent years, ML has emerged as a
viable choice of flow assurance applications to
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replace the conventional physics-based models.
Machine learning algorithms have been applied and
succeeded in predicting wax deposition, slugging
behavior and hydrate onset, and can tend to perform
better on non-linear correlations between process
variables (Chen & Wang, 2020). They have been
especially successful because the strength of RF and
gradient boosting against messy and large-
dimensional operational data has been demonstrated
(Liu and Hasan, 2021). Another realm of interest
would be time-series models, including the LSTM
network for accounting for temporal dependence in
flowline measurements, thereby enhancing the
precision of hydrate formation event predictions
(Patel et al., 2020; Zhou et al., 2022). Irrespective of
these advances, a combination of ML models and
operational decision making is challenging when
applied in real-time settings.

The overall drawback of the creation of ML-based
predictors of hydrate is the unequal character of
working datasets. Hydrate events are not common,
they usually form, in most cases, less than 5 percent
of the available data, creating non-hydrate dominated
datasets. Moses and Ferreira (2021) observe that
conventional machine learning classifiers trained on
such data are more likely to support the majority
class and cause a falsely high overall classification
accuracy but low recall of the minority hydrate class.
In order to balance the model, a number of works
have explored data-level methods, such as hybrid
undersampling,  adaptive  synthetic ~ sampling
(ADASYN), and synthetic minority oversampling
techniques (SMOTE), which generate synthetic
minority samples or alleviate dominance of the
majority-class (Adewunmi and Bello, 2021; Singh
and Kumar, 2022). The models are compelled to
concentrate on the minority group since the
algorithm-level methods, like cost-sensitive learning,
are very strictly penal to the wrong categorization of
the hydrates (Kraljevic and Noor, 2022). Such
algorithms have proved to boost recall and F1-score
by large margins, however when they are not
carefully tuned, they can also boost false positives.

The hydrate formation is a rare phenomenon; this is
why scholars have also investigated the techniques of
detecting the anomalies. These models, such as one-
class SVMs and autoencoders, are able to find the
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deviation patterns predictive of hydrate formation by
considering hydrate events as deviations rather than
ordinary classification problems Zhong and Patel,
2022; Ahmed et al., 2023). Autoencoders- based
methods specifically, are able to train condensed
representations of standard operating conditions and
indicate anomalies that indicate the presence of
hydrate, which can be used to complement
conventional classification models. Other hybrid
systems that use a combination of anomaly detection
and oversampling or cost sensitive learning have also
been introduced and show better anomaly detection
on imbalanced data (Li and Wang, 2022). Literature
suggests that the prediction of hydrate formation is a
highly multidimensional and complicated problem
that requires the incorporation of feature engineering,
operational knowledge and advanced machine
learning methods, capable of addressing non-linearity
and imbalanced classes. Oversampling and cost-
sensitive learning are the most popular methods,
although the alternatives such as anomaly detection
and ensemble methods are also viable, notably when
there is sparse or over-skewed data in the past.
Although the situation has improved, predictive
frameworks with reliable ability to predict and be
generalized, to operate effectively in diverse subsea
operational scenarios, are still needed, which is why
further investigations in this field are still necessary.

1. METHODOLOGY
3.1 Dataset Development

3.1.1 Data Generation

The occurrence of hydrate formation in real systems
is considered to be rare hence it is hard to amass
enough historical data. To address this drawback, an
artificial dataset was created to represent the realistic
conditions of a flowline under seawater by simulating
the operational parameters that are usually related to
the hydrate behaviour. Figure 1 represents the
hydrate data.
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Figure 1: Hydrate Dataset

These will be flowing pressure, flowing temperature,
water cut, gas-liquid ratio and concentration of
inhibitors. The pressure-temperature thermodynamics
also controlled much of the hydrate formation and
hence the hydrate equilibrium temperature was
calculated by a simplified model. The Sloan-Klauda
equation of hydrate equilibrium temperature is given
in equation 1:

T, = A+ B In(P)(1) o

Where:

T, ;= hydrate equilibrium temperature (°C)
P= operating pressure (bar)

A, B= empirical constants

This equation will help in the determination of
whether the operating condition is in the hydrate
forming regions.

3.1.2 Hydrate Label Assignment

Once the equilibrium temperature had been
calculated, each point was treated as hydrate or non-
hydrate. Hydrate formation is normally witnessed
when the operating temperature is lower than the
equilibrium temperature. This threshold-style method
is in line with the normal flow assurance practice and
offers a valid foundation of the model labelling. The
labelling rule of hydrate classification is determined
as indicated in equation 2 below:

{1, Lf T=T, @

0, if T>T,
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Where:

v=hydrate label (1 = hydrate, 0 = no hydrate)
T= measured operating temperature (°C)
T.q= hydrate equilibrium temperature (°C)

10,000 samples were generated with hydrate cases,
which represent only 3%, mirroring real-world
imbalance.

3.2 Feature Engineering

3.2.1 Temperature Deviation (AT)

In order to enhance model interpretability and
sensitivity, some more engineered features were
developed. The difference between the operating
temperature and hydrate equilibrium temperature is
one of the most crucial hydrate risk indicators. Once
such difference is negative, the possibility of hydrate
formation is very high. The development of this
feature assists the ML model to interpret risk zones
directly. The temperature deviation has a
representation as given in Equation 3:

AT =T —T,, €)
Where:

AT= deviation of temperature (°C)
T'= operating temperature (°C)
T, = hydrate equilibrium temperature (°C)

3.2.2 Pressure Gradient (VP)

Phase behaviour and conditions of liquid holdup and
the change in flow regimes that may occur before the
formation of hydrates depend on pressure gradient.
This is because the pressure gradient is added to the
dataset to capture further behaviour of flows relative
to only the single-point pressure readings. This
assists the ML model in identifying dynamic pipeline
variations that are related to the hydrate onset. The
pressure gradient across the pipeline is as illustrated
in equation 4:
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vp — PE‘J’I[GF;POIII[GF (4)

Where:

VP= pressure gradient (bar/m)
P;,= inlet pressure (bar)

P

 wt = outlet pressure (bar)

L= length of pipe (m)

3.2.3 Normalisation of Continuous Variables
Normalisation of Continuous Variables: This step
involves the normalisation of continuous variables to
overcome the problem of skewness and fallacy of
acceptance. Machine learning algorithms are more
efficient when numbers within the range of features
are similar to each other. The large-valued variables
like pressure do not overshadow the smaller-scale
variables like water cut due to normalisation. This is
so that all the inputs are fairly weighted during
training. The formula of Min-Max normalisation is
presented in equation 5:

X—Xmin

X =— %)
scaled Xmax—Xmin

Where:

X ozaleq= normalised feature value

5|

X= original feature value

X min= minimum value of the feature

X

max = Maximum value of the feature

3.3 Train—Test Split

The set is split into training and a testing set in order
to make sure the model assessment is unbiased. One
for training the model and the other set for testing the
model inorder to  measure  generalization
performance. Such separation avoids leaking of
information and makes sure that the model is tested
on the new situations it had not been tested before.
The data was divided into 70 percent training and 30
percent test.
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3.4 Imbalance Treatment

3.4.1 SMOTE Oversampling

Hydrate events represent only 3-percent of the
dataset; thus, it is possible that the ML models will
become biased to predict a non-hydrate event. This is
solved by SMOTE (Synthetic Minority Oversampling
Technique) that creates synthetic hydrate samples.

Xnew = Xy + A00 — X;) (6)
Where:

X; 1s an existing hydrate sample,

X 1s its nearest neighbour,

A 1s a random number between 0 and 1.

3.4.2 Random Undersampling

In contrast to oversampling, random undersampling
increases balance by reducing the majority class.
Although this method may discard potentially
relevant non-hydrate samples, it simplifies the dataset
and helps prevent ML models from being
overwhelmed by majority-class patterns. This
technique was used in combination with SMOTE for
comparative analysis.

3.4.3 Cost-Sensitive Learning

Cost-sensitive learning adjusts the importance of
prediction  errors  during model training.
Misclassifying a hydrate event is more serious than
misclassifying a non-hydrate event. To reflect this,
hydrate samples were given more weight, forcing the
model to pay more attention to minority cases.
Equation 7 shows the class-weight formula:

Wy = (7
Where:

w; = weight for class [
N=total number of samples

N;=number of samples in class i

3.5 Machine Learning Models
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3.5.1 Logistic Regression

Logistic Regression (LR) is a baseline classification
model well-suited for binary problems. In hydrate
prediction, LR provides a probability score showing
how likely operating conditions correspond to
hydrate formation. The model applies a linear
combination of features passed through a sigmoid
function. Figure 2 shows the flowchart of a logistic
regression ML model

[nputs

e W, Sum Sigmoid
Irodicti )
@ Wy + Prediction
; results
" f

>

Bias

Weights

Figure 2: Flowchart of Logistic Regression (Khan
et.al 2021)

3.5.2 Random Forest

Random forest isa machine learning algorithm
combining multiple decision trees, using bagging and
feature randomness to create uncorrelated trees.
Figure 3 shows the schematic of a random forest ML
model.

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

Majority Voting / Averaging

Final Result

Figure 3: Random Forest (Khan et,al. 2021)

3.5.3 Support Vector Machine (SVM)

A supervised machine learning algorithm called a
support vector machine (SVM) uses an ideal line or
hyperplane to classify data. Figure 4 shows the
schematic of an SVM ML model.
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Figure 4: SVM ML Model (Abdulhussain, et.al 2021)

3.5.4 XGBoost

XGBoost is a gradient boosting algorithm that
sequentially builds decision trees, each correcting the
errors of the previous one. Its ability to handle non-
linear behaviour, interactions, and imbalance makes
it one of the strongest candidates for hydrate
prediction. Figure 5 shows the flowchart of an
XGboost ML Model.

Treel TreeK
Input: y Input: y- f1(xi) Tnput: y- £ 1(x)- f k1)
Output: f1(xi) Output: f2(xi) Output: fk(xi)
[
= 3
Output: “Z S r(xi)

Figure 5: Flowchart of XGboost (Liu, et.al. 2022)
3.6 Evaluation Metrics

3.6.1 Recall (Sensitivity)

Recall measures the model’s ability to correctly
identify hydrate conditions. Since hydrate events are
critical and rare, this metric ensures that the system
minimises false negatives. Equation 8 shows the
Recall formula:

TP
P+FN

Recall =
T

®)

Where:
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T P= true positives
FN=false negatives

3.6.2 Precision

Precision assesses how many of the predicted hydrate
cases are truly hydrate events. High precision ensures
that the model does not raise excessive false alarms
during operations. Equation 9 shows the Precision
formula:

)

Precision =
TP+FP

Where:
T P= true positives

F P= false positives

3.6.3 F1-Score

Fl-score is a precision-recall score that provides only
one measure that assesses the trade-off between
identifying hydrates and false alerts. Equation 10
shows the F1-score formula:

Precision .Recall

F1=2 (10)

" Precision+ Recall

Where:

Precision= precision score

Recall=recall score

3.6.4 Balanced Accuracy

By averaging the recall of both classes, balanced
precision corrects class imbalance. This prevents the
majority non-hydrate class from dominating the
performance of the minority hydrate class. Equation
11 displays the formula for balanced accuracy

Balanced Acurracy = %(TPR + TNR) (11)

Where:

T PR = true positive rate

T NR= true negative rate

3.6.5 AUC-PR Curve

The trade-off between precision and recall across the
decision boundary is evaluated using the area under
the precision-recall curve (AUC-PR). Because it
directly addresses minority class performance, it is
more informative than ROC-AUC for imbalanced
datasets.

IV.  RESULTS AND DISCUSSION

4.1 Baseline Model Performance (Without Imbalance
Treatment)

Table 1 presents the performance of four baseline
machine learning models Logistic Regression,
Random Forest, SVM, and XGBoost—on the hydrate
prediction task without any imbalance mitigation.

Table 1. Baseline Model Performance Metrics (Without Imbalance Treatment)

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC-PR
Logistic Regression 91 60 12 20 0.48
Random Forest 94 65 18 28 0.51
SVM 92 62 15 24 0.49
XGBoost 95 68 22 33 0.54

Table 1 shows that all baseline models achieved high
overall accuracy (91%-95%), which may initially
suggest good performance. However, the recall for
hydrate events (the minority class) is very low,
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ranging from 12% to 22%, indicating that most
models predominantly classify samples as “normal”
flow conditions and fail to detect critical hydrate
occurrences. This is an example of the "accuracy
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paradox", in which poor performance on a minority
class is masked by high accuracy. Even XGBoost
with the highest recall of 22% is insufficient in
operational applications where a lack of hydrate
events may lead to the blockage of the pipeline,
shutdown of production, and safety issues. In
predicting a hydrate event, values of 60-68%
precision have been suggested to be moderately
reliable; But low recall greatly limits total
effectiveness. Consequently, the unbalanced baseline
models are not good to detect rare hydrate events as
Fl-scores (20%-33%) and AUC-PRs (0.48-0.54)
determine. These results prove the necessity of
techniques, including SMOTE
oversampling, cost-sensitive learning, or hybrid
strategies, to improve the detection of minority
classes and ensure the quality of work.

advanced

4.2 Impact of SMOTE Oversampling

Table 2 shows the impact of SMOTE oversampling
on model performance

recall was indicated by a corresponding increase in
F1-score. XGBoost performed well when paired with
SMOTE, as shown by its highest F1-score (73%) and
AUC-PR (0.79). These findings suggest that
oversampling is a very successful method for
increasing model sensitivity to unusual hydrate
events, increasing the dependability of the model for
practical application in hydrate formation prediction.
4.3 Cost-Sensitive Learning

Table 3 shows the performance of machine learning
models using cost-sensitive learning

. Fl1-
Accuracy Precision Recall AUC-

Model Score
(%) (%) (%) %) PR

Looisti

ogistic 58 61 59  0.65

Regression

Random

91 66 73 69 0.72

Forest
SVM 88 63 68 65 0.70
XGBoost 92 67 81 73 0.79

F1-
Accuracy Precision Recall AUC-

Model o . 0 Score
PR

I ORI O

Logisti

OBISTC 90 68 45 54 0.60

Regression

R

andom o) 70 60 65 0.68

Forest

SVM

(Cost- 91 74 57 64 0.67

Sensitive)

XGBoost 93 71 66 68 0.70

Table 2 shows how SMOTE oversampling
significantly enhanced hydrate event representation,
allowing the model to more accurately detect
minority-class events. There is a significant increase
in recall values for all models, as shown in Table 2,
with XGBoost improving from 22% (baseline) to
81%. Significant improvements in recall were also
demonstrated by LR, RF, and SVM, indicating that
oversampling successfully reduces the bias towards
the majority class brought about by dataset
imbalance. A better balance between precision and
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Table 3 shows how cost-sensitive learning
encourages models to focus more on minority-class
detection by imposing harsher penalties for
misclassifying hydrate events. Table 3 shows how
this method increased precision for all models, with
SVM achieving the highest precision of 74%,
XGBoost 71%, Random Forest 70% and Logistic
Regression 68%. But the recall values remained
lower than those obtained with SMOTE
oversampling, with XGBoost at 66%, Random Forest
at 60%, SVM at 57%, and Logistic Regression at
45%, indicating that the models were more
conservative in predicting hydrate events. While cost-
sensitive learning is beneficial in scenarios where
false positives are costly, it is less effective for
maximizing detection of rare hydrate events. The
same trade-off is seen in the Fl-score whereby the
XGBoost attained 68%, the random forest 65%, the
SVM 64% and the Logistic regression 54%.
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Although XGBoost worked best using this approach,
but it still failed to achieve 73% F1-score as SMOTE-
augmented XGBoost. These results imply initial
methods of oversampling remain more applicable in
the operation prediction of hydrates, where it is
important to document all the hydrate incidences to
prevent blockage and breakage of production in
pipelines.

V. CONCLUSION

The results presented in this study confirm that
machine learning provides a useful complement of
the conventional thermodynamic and transient
simulation systems that are used to predict hydrate
formation in subsea multiphase flow systems. The
greatest drawback of hydrate prediction, the
infrequency of hydrate occurrences and the
information imbalance that this causes, proved to be a
serious performance depressant of baseline models
with recall values as low as 12-22 percent. Sensitivity
of the models to hydrate-forming conditions was
significantly mitigated by using imbalance-reduction
methods, especially the SMOTE oversampling.
Based on balanced data, XGBoost and Random
Forest outperformed other models with respect to
predictive power; XGBoost had a Fl-score of 73%
and an 81% recall. The results indicate that the early-
warning systems based on ML can assist the flow
assurance engineers to minimize hydrate risks,
prevent operational disturbances, and enhance the
system reliability. Further studies needs to incoperate
physics-informed inputs, and real time sensor data
inorder to achieve more accurate and operational
reliable hydrate prediction systems.
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