An Explainable Artificial Intelligence Framework for Electric Submersible
Pump Failure Diagnosis Using Multivariate Field Data

Abstract

Electric Submersible Pumps (ESPs) are widely used in oil production systems but are frequently affected
by electrical, thermal, and mechanical failures that lead to unplanned shutdowns and production losses.
With the growing availability of high-frequency downhole monitoring data, data-driven methods have
gained increasing attention for ESP condition monitoring. However, many existinganachine-learning=based
approaches operate as black boxes and provide limited physical interpretability, restrietingytheir practical
deployment. This study proposes an explainable artificial intelligence (XAl)«fsamework for ESP failure
diagnosis using real multivariate field data. The framework integrates Principal €Compenent Analysis (PCA)
for dimensionality reduction, a Random Forest (RF) classifier for multisclassioperating state identification,
and SHapley Additive exPlanations (SHAP) for transparent model interpretation. Multivariate ESP sensor
data, including pressure, temperature, vibration, voltage, and currentimeasurements, were preprocessed and
labeled based on documented failure reports. PCA svas applied teyaddress multicollinearity, while the RF
model classified operating conditions into stable, ‘unstable, and distinct failure modes. The proposed
framework achieved high classification accuracy‘and consistently detected failure conditions several days
prior to shutdown events. SHAP-basedianalysis further provided feature-level explanations of model
predictions, enabling identification of dominant physical drivers such as motor overloading and abnormal
vibration behavior. The results demonstrate, that combining predictive performance with explainability
enhances the reliability and practical{valug) of data-driven ESP diagnostic systems, offering an effective

decision-support tool for proactive monitoring and maintenance in digital oilfield applications.
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Research Highlights

V. “Preposes an explainable artificial intelligence framework for Electric Submersible Pump (ESP)
failure diagnosis using real field data.

Y. Integrates Principal Component Analysis and Random Forest classification for multi-class ESP
operating state identification.

¥. Employs SHapley Additive exPlanations (SHAP) to provide transparent, feature-level
interpretation of failure predictions.

¢, Achieves reliable early warning of ESP failures several days prior to shutdown events.



°. Links machine-learning predictions to physical failure mechanisms, enhancing trust and practical

applicability in field operations.

1. Introduction

Electric Submersible Pumps (ESPs) are among the most widely deployed artificial lift systems in the oil
and gas industry due to their ability to handle high production rates and operate efficiently under a wide
range of reservoir conditions [1, 2]. As fields mature and reservoir pressure declines, ESPs¢play a critical
role in sustaining production [3, 4]. However, ESP systems are inherently complex,electromechanical
assemblies operating under harsh downhole environments, where electrical lpading, “‘thermal stress,
mechanical wear, and changing fluid properties can jointly contribute to pesformance degradation and
eventual failure [5, 6]. Unplanned ESP failures often result in significant production»deferment, costly
workover operations, and increased operational risk [7].

Traditionally, ESP condition monitoring has relied on physics-basedymodels and heuristic diagnostic tools
such as ammeter charts, nodal analysis, and threshold-based'alarms [8]¢ While these methods provide
valuable insights into pump performance, they typically amalyze variables independently and require
substantial expert interpretation [9]. As a result, they, often fail to capture the complex multivariate
interactions that precede ESP failures, particularly,during early-stage degradation when corrective actions
would be most effective [10].

The rapid advancement of digital oilfieldtechnologies and the widespread deployment of downhole sensors
have led to the availability of lagge™wolumes of high-frequency ESP operational data [11]. This has
motivated the adoption of datazdriven‘and machine-learning-based approaches for predictive maintenance
and fault diagnosis [12].#Previous studies have demonstrated that statistical and machine-learning
techniques can successfullyidetect abnormal operating conditions and, in some cases, predict impending
ESP failures ahead of shutdown events [ 13]. Among these techniques, Principal Component Analysis (PCA)
has been widely applied as@an unsupervised multivariate monitoring tool to reduce data dimensionality and
identify deviations frém stable operating regions [14].

Despite, their, efféctiveness in anomaly detection, many existing data-driven ESP diagnostic approaches
exhibit two fundamental limitations [15]. First, a large portion of machine-learning models function as
black boxes, providing predictions without transparent reasoning. This lack of interpretability limits their
acceptance by field engineers, who must understand the physical causes of a predicted failure in order to
take appropriate corrective actions [16]. Second, many PCA-based or anomaly-detection approaches
identify abnormal behavior without clearly distinguishing between different failure mechanisms, such as
electrical overloading, thermal instability, or mechanical damage. Consequently, the diagnostic output often

lacks the specificity required for targeted maintenance planning [17].



In response to these challenges, recent research in industrial analytics has emphasized the importance of
Explainable Artificial Intelligence (XAI). XAl methods aim to complement predictive performance with
transparent explanations that reveal how individual input variables influence model decisions [18]. Among
these methods, SHapley Additive exPlanations (SHAP) provide a theoretically grounded framework to
quantify both global feature importance and local, instance-level contributions in complex machine-
learning models [19]. While XAI has been successfully applied in several industrial process monitoring

applications, its integration into ESP failure diagnosis remains limited [20].

This study addresses the aforementioned gaps by proposing an explainable,.mul' ostic
framework for ESP systems that combines PCA, Random Forest (RF) classificati P-based
interpretation. PCA is employed to handle the strong correlations and high di alitysinherent in ESP

sensor data, enabling a compact representation of system behavior. The Random Forest classifier is then

used to identify multiple operational states, including stable operatio stability, and distinct

failure modes. Finally, SHAP is applied to translate model predictions, b to the original physical

variables, providing clear, quantitative explanations of the do iving each predicted failure
[21,22].

The proposed framework is validated using real i %d data acquired from a producing ESP
system. Model performance is evaluated u e assification metrics, including accuracy,

precision, recall, and F1-score, as well as, the leaditi hieved in predicting failure events prior to shut

down. By explicitly linking predictive results,to physical interpretations, this work aims to bridge the gap

between advanced machine-learnin ques and practical ESP engineering decision-making.

The main contributions of thi& be summarized as follows:
V. Development of lainable Al-based framework that integrates PCA, Random Forest
classificatio r ESP failure diagnosis using real field data.

Y. Implementation,of a multi-class diagnostic strategy capable of distinguishing between stable

n, unstable behavior, and different ESP failure modes.

antitative evaluation of predictive performance using standard classification metrics and early-
lead time.
vision of transparent, feature-level explanations that relate machine-learning predictions to

physical ESP behavior, enhancing trust and operational usability.




integration enables not only accurate prediction but also actionable understanding of failure mechanisms,

which is rarely addressed simultaneously in prior ESP studies.

While numerous studies have explored machine learning for ESP diagnostics, few have simultaneously
addressed prediction accuracy, failure-mode differentiation, and interpretability within a unified
framework. This study aims to bridge this gap by combining PCA, Random Forest classification, and

SHAP-based explainability in a single diagnostic pipeline tailored for ESP systems.

By combining predictive accuracy with interpretability, the proposed approach advances the state of data-
driven ESP condition monitoring and provides a practical foundation for proactive maintenance, strategies
in digital oilfield environments.

Figure 1: Conceptual comparison between traditional ESP monitoring, black-box ML models, and the
proposed explainable Al framework.
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Figure 1. Conceptualyg€omparisoniof ESP Monitoring Approaches.

2. Literature Review

2.1 Conventional ESP Monitoring and Diagnostic Approaches

Early approaches to Electric Submersible Pump (ESP) condition monitoring were primarily based on
physics-driven models and’heuristic diagnostic tools. Ammeter charts, nodal analysis, and rule-based alarm
systems have traditionally.been used to infer ESP performance and detect abnormal operating conditions
[23]. These methodswely on predefined thresholds or simplified physical assumptions to interpret variations
in moter currentypressure, or flow rate. While effective for identifying severe failures, such approaches are
largely redctive and require continuous expert supervision [24]. Moreover, they typically analyze individual
parameterseindependently, limiting their ability to capture the complex interactions among electrical,
thermal, hydraulic, and mechanical subsystems that characterize ESP operation. To improve diagnostic
resolution, vibration analysis and signal-processing techniques such as frequency-domain analysis and
wavelet transforms were introduced to detect mechanical faults including shaft misalignment, bearing wear,
and imbalance [25]. Although these methods enhanced sensitivity to specific mechanical anomalies, they

often require specialized sensor configurations and expert tuning. More importantly, they remain limited in



their ability to provide a holistic view of ESP system health, as they focus on isolated failure mechanisms

rather than integrated system behavior [26].

2.2 Machine Learning-Based ESP Failure Prediction

With the increased availability of high-frequency downhole sensor data, data-driven and machine-learning-
based approaches have gained prominence in ESP condition monitoring. Various supervised learning
techniques, including neural networks, support vector machines, and ensemble classifiers, have been
proposed to predict ESP failures and reduce unplanned downtime [27]. These models demonstrated
improved prediction accuracy compared to traditional methods, particularly when trainedion large historical
datasets. Several studies employed neural networks and deep learning models” to“captuifé nonlinear
relationships between ESP sensor variables and failure events [28]. While the§e appreaches achieved high
predictive performance, they generally operate as black-box models, offering limited insight into the
physical factors driving predictions. This lack of interpretability posesia significant barrier to operational
deployment, as field engineers require diagnostic transparency to.justify maintenance actions and validate
model outputs against physical understanding [29]. Ensemble‘learning methods, such as Random Forests,
have also been applied to ESP failure classification, du€ to their tobustness and ability to handle noisy
industrial data. Random Forest-based models_improvediclassification stability and offered some feature-
importance measures; however, traditional feature-importance metrics provide only coarse global insights
and do not explain individual predictions 30]. Consequently, even ensemble-based approaches often fall

short in delivering actionable diagnostic'explanations.

2.3 PCA-Based Multivariate Monitoring of ESP Systems

Principal Component Analysis has,been widely adopted for multivariate process monitoring in industrial
systems and has received considerable attention in ESP applications [16]. PCA reduces data dimensionality
by projecting correlated yariables into an orthogonal latent space, allowing dominant operational patterns
to be identified [Y)]. Several studies demonstrated that PCA-based monitoring, combined with statistical
indices such as Hotelling’s T" and Squared Prediction Error (SPE), can successfully detect deviations from
normal, ESR operation and provide early warning of abnormal behavior [17]. Despite its effectiveness in
anomaly detection, conventional PCA-based ESP monitoring exhibits important limitations [32]. First,
PCA-based” models are typically unsupervised and therefore provide limited capability to distinguish
between different failure modes [33]. Second, interpretation of PCA results is often restricted to abstract
principal components, making it difficult to relate detected anomalies directly to physical sensor variables
[11]. As a result, while PCA can indicate that an abnormal condition exists, it does not adequately support

root-cause diagnosis or targeted maintenance decisions [34].



2.4 Explainable Artificial Intelligence in Industrial Diagnostics

Explainable Artificial Intelligence (XAI) has emerged as a critical advancement in industrial analytics,
addressing the transparency limitations of conventional machine-learning models [35]. XAl techniques aim
to complement predictive accuracy with interpretability by quantifying the contribution of individual input
variables to model predictions. Among these techniques, SHapley Additive exPlanations (SHAP) provide
a theoretically grounded framework based on cooperative game theory, enabling both global and local
explanations of complex models [36].

SHAP has been successfully applied in various industrial domains, including, process controls fault
diagnosis, and predictive maintenance, where understanding the physical meaning of‘model predictions is
essential [37]. Global SHAP analysis identifies the most influential variables across the dataset,'while local
SHAP analysis explains individual predictions by showing how each variable contributes to a specific
outcome. Despite these advantages, the application of XAl techniques mESR failure diagnosis remains
limited, and most existing ESP studies do not incorporate explainability“intostheir modeling frameworks

[38].

2.5 Research Gap and Positioning of the Present Study

Based on the reviewed literature, several critical gapsycam,be identified. Traditional ESP monitoring
approaches lack predictive capability and multivariate insight. Machine-learning-based models improve
prediction accuracy but often operate as black boxes without providing physically meaningful explanations.
PCA-based monitoring methods offer|effective anomaly detection but are limited in failure-mode
differentiation and interpretability.| Finally, ‘although XAI techniques have shown promise in industrial
diagnostics, their integration inteyESPfailure analysis has been minimal.

The present study addresses these gaps by proposing a unified explainable Al framework that integrates
PCA for dimensionalityy reduction, Random Forest classification for multi-class operational state
identification, and"'SHAP for transparent feature-level interpretation. Unlike prior approaches, the proposed
framework not*only preédicts ESP failures several days in advance but also explains the physical drivers
behindweach ‘predi¢tion using real field data. This combination of predictive accuracy, failure-mode
differentiationjyand interpretability represents a significant advancement over existing ESP diagnostic
methodologies.

In recent years, several studies have explored machine-learning-based approaches for ESP failure diagnosis.
For example, Zhang et al. (2025) [39] provide a comprehensive review of data-driven fault diagnosis
techniques, highlighting the increasing adoption of neural networks and ensemble learning models in ESP
applications. Similarly, Abdalla et al. (2022) [11] and Sobhy (2025) [40] applied machine learning and

artificial neural networks for ESP failure prediction, primarily focusing on improving predictive accuracy.
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omparative overview of existing ESP diagnostic methods and highlights the advantages

10sed PCA—Random Forest-SHAP framework.
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Traditional | Ammeter | Single or few Reactive No High (expert- Manual
ESP charts, variables fault based) interpretation;
monitoring nodal indication limited
[43] analysis, sensitivity; no
threshold predictive
alarms capability
Signal- Vibration High- Detection of Limited Moderate Requires
based analysis, frequency specific (mechanical expert tuning;
mechanical wavelet vibration mechanical only) ignores
diagnosis | transform, signals faults electrical and
[44] frequency thermal
analysis interactions
Neural ANN, Multivariate Failure Yes (if labeled) Lowa(black- Lack of
network- deep historical data prediction box) transparency;
based learning difficult to
models [40, justify
45, 46] decisions
Classical SVM, Multivariate Failure or Yes Low-moderate Feature
ML Random sensor data anomaly importance
classifiers Forest, classificatio often coarse;
[11,17,47] decision n limited
trees physical
explanation
PCA-based PCA, Correlated Anomaly No (mostly Moderate (PC- | Limited fault
monitoring | Hotelling’ multivariate detection binary) level) discrimination
[16, 48] s T2, SPE datd ; abstract
interpretation
Hybrid Physics- | Multivariate,+ Failure Yes Low-moderate Increased
physics— based + physics-based prediction model
ML machifie data and complexity;
approaches learning diagnosis reduced
[21, 42] models interpretability
Mls-based Machine” | Multivariate + Failure Partial Low-moderate Limited
prognosties | ‘learning + | operational/lo prediction explainability;
and NLP, g data and health high data and
advanced | prognostic monitoring model
analytics models complexity
[41]
Industrial SHAP, Multivariate | Interpretable Yes High Rarely applied
XAI LIME industrial data | prediction to ESP
application | (non-ESP systems
s [19, 36, systems)

38]




Present PCA+ Real Early failure Yes (multi- High (global & Addresses

study Random multivariate prediction class) local interpretability
Forest + | ESP field data and explanations) | and multi-fault
SHAP diagnosis diagnosis

limitations of
prior methods

3. Case Study and Data Description

This study is based on operational data collected from an ESP installed in a producing onshiéte oil'well. The
well is located in a mature oil field where ESP artificial lift was deployed to sustain production under
declining reservoir pressure conditions. The ESP system was equipped with permanent, downhole
monitoring sensors that continuously recorded key electrical, thermal, thydraulie, and mechanical
parameters during operation. The availability of continuous sensor data, togetherwith documented failure
records, makes this system suitable for developing and validating data-driven diagnostic models.

The ESP monitoring system recorded multivariate time-series datawat regular sampling intervals throughout
the pump’s operational life, covering stable operationsgtransitional, (unstable) behavior, and failure
development. The input variables used in this study include pumpintake pressure, pump discharge pressure,
intake temperature, motor temperature, vibratien in‘the“x-direction, vibration in the z-direction, motor
voltage, and motor current. These variables are commonly monitored in ESP installations and collectively
represent the dominant physical mechanismsygoverning ESP performance, including fluid inflow behavior,
electrical loading, thermal response,.and mechanical integrity.

The dataset used in this study consists of approximately 180,000 multivariate time-series samples collected
from a single ESP installation over a monitoring period of approximately 14 months. Sensor measurements
were recorded at a sampling interval of 5 minutes, resulting in high-resolution operational data covering
multiple operating regimes.

The dataset includes three documented ESP failure events, comprising two overloading-related failures and
one mechanical failure, as confirmed by field maintenance and workover reports. In addition to failure
periods, the dataset contains extended intervals of stable and transitional (unstable) operation.

The distribution of labeled data is as follows: stable operation (62%), unstable operation (21%),
overloading-related failure (10%), and mechanical failure (7%). The dataset was divided chronologically
into 70% training data and 30% testing data, ensuring realistic evaluation without information leakage.
This dataset structure provides a representative view of ESP operational behavior, including normal
conditions, gradual degradation, and failure development, enabling robust evaluation of the proposed

diagnostic framework. These dataset details were summarized at Table 2.



The monitored dataset spans multiple operational regimes and includes periods preceding documented ESP
failures. Failure events were identified and labeled based on field operational and maintenance reports,
which recorded the cause of pump shutdown following workover operations. Based on these records, two
dominant failure modes were identified: (i) overloading-related failure, commonly associated with scale
deposition or flow restriction, and (ii) mechanical failure, associated with shaft-related damage and
abnormal vibration behavior. In addition to these failure intervals, periods of normal and transitional
operation were also labeled to enable multi-class classification.

To support model development and validation, the dataset was segmented intothree categories: stable
operation, unstable (transitional) operation, and failure conditions. Stable operation cerresponds to periods
in which all monitored parameters remained within normal operating ranges and no.eperationaliissues were
reported. Unstable operation represents transitional behavior characterized by increasing variability or
gradual deviation from stable trends without immediate shutdown. Failure eonditions correspond to periods
immediately preceding pump shutdown events as confirmed by field repotts.

This labeled dataset forms the basis for subsequent data preprocessingydimensionality reduction, model
training, and validation. By explicitly linking sensor meastitements to ‘documented operational outcomes,
the case study provides a realistic and well-defined foundation for evaluating the proposed explainable Al
framework for ESP failure diagnosis.

Table 3 lists the ESP sensor variablés, used inmythiststudy along with their corresponding physical

interpretations relevant to pump performaneeyand failure diagnosis.

Table 2. Summary of Dataset Characteristics.

Parameter Description
NumbenofESP systems 1
Maonitoring duration ~14 months
Sampling interval 5 minutes
Totahnumber of samples ~180,000
Number of failure events 3
Overloading-related failures 2
Mechanical failures 1
Stable operation samples 62%
Unstable operation samples 21%
Failure mode 1 samples 10%
Failure mode 2 samples 7%
Training/testing split 70% / 30%
(chronological)

Table 3. ESP Sensor Variables Used in This Study and Their Physical Significance.

Variable Unit Physical Significance

Pump intake pressure psi | Indicates reservoir inflow conditions and suction-side hydraulic behavior




Pump discharge pressure | psi Reflects pump head and overall hydraulic performance
Intake temperature °C Represents fluid thermal condition at pump intake
Motor temperature °C Indicates motor cooling efficiency and thermal loading
Vibration (x-direction) g Measures lateral mechanical vibration related to imbalance or shaft wear
Vibration (z-direction) g Captures axial vibration associated with thrust or misalignment
Motor voltage A% Represents electrical supply conditions and control stability
Motor current A Indicates electrical load, torque demand, and potential gvetloading

4. Data Preprocessing and Feature Preparation
Raw ESP monitoring data obtained from downhole sensors typically containinoise, missing values, and
inconsistencies due to sensor limitations, communication interruptions, and®agying operating conditions.
Therefore, a systematic data preprocessing and feature preparation proceduré*was applied prior to model
development to ensure data quality, consistency, and suitability for multivariate analysis.
First, the raw time-series data were inspected for, completenessyand physical plausibility. Data points
associated with sensor malfunctions or physically untealistic values (e.g., negative pressures or abrupt
spikes inconsistent with ESP operation) were remoyved.\Shoxt gaps in the data caused by temporary signal
loss were handled using linear interpolation to preserve temporal continuity, while longer gaps were
excluded from the analysis to avoid introducing artificial trends.
To reduce the influence of measureiment noise,'a mild smoothing filter was applied to the sensor signals.
This step was carefully impleméntedito retain the underlying dynamic behavior of the ESP system while
suppressing high-frequency neise thatydoes not correspond to meaningful physical changes. The filtered
signals were then aligned in‘time to ensure that all variables corresponded to the same sampling instances.
Because the ESP_sensor’variables have different physical units and numerical ranges, all features were
normalized prior to further analysis. Z-score normalization was applied to each variable according to
standard practice [49]:
X—H

Q) Xnorm =~
where xdenotes the original variable, and pand orepresent the mean and standard deviation computed from
periods of stable operation.
This normalization ensures that no single variable dominates the analysis due to scale differences and is

particularly important for PCA-based dimensionality reduction.



4.1 Labeling Strategy and Definition of Operational States

The labeling of operational states was performed using a combination of field-reported events and data-
driven criteria to ensure both physical consistency and reproducibility. Operational labels were assigned to
each time step as stable, unstable, or failure, based on the condition of the ESP system.

For each documented ESP failure event, the failure window was defined as the final 72 hours preceding the
recorded shutdown, during which sensor variables exhibited clear degradation trends. This time window
was selected based on observed patterns of progressive deterioration in ESP systems and refleets practical
early-warning requirements in field operations. For failure samples, labels weere furthericategorized
according to the identified failure mechanism, including overloading-related andgmechanicaldfailures, as
documented in field reports.

The unstable (transitional) state was defined as the period preceding the failure,window during which the
system exhibited significant but non-critical deviation from stable behavior.'Specifically, unstable operation
was identified when one or more key normalized variables (e.g., motor eurrent, motor temperature, or
vibration) exceeded +2 standard deviations from their stablédmeanifor a“sustained duration exceeding 6
hours. This criterion captures early-stage degradatien and transitional dynamics without overlapping with
failure conditions.

Stable operation corresponds to periods in whichyallimonitored variables remained within statistically
normal ranges and no operational anomalies or failure indicators were observed. These periods represent
baseline system behavior under normal dperating conditions.

Label assignment was conducted dsingya semi-supervised approach, combining expert interpretation of
field maintenance reports with quantitative thresholds derived from statistical analysis of the sensor data.
This approach ensures that labels ate both physically meaningful and reproducible, while accounting for

the inherent complexitysand gradual nature of ESP degradation processes.

4.2 Data Splitting and Preparation for Modeling

Following preprocessing and labeling, the dataset was divided into subsets for model training and
evaluationyTo ensure unbiased performance assessment and realistic predictive deployment, the data were
split chrenologically rather than randomly. Approximately 70% of the data, representing earlier operational
periods, were used for model training, while the remaining 30% were reserved for testing and validation.
This chronological splitting strategy prevents information leakage from future observations into the training
process and more accurately reflects real-world conditions, where models are trained on historical data and
applied to unseen future data.

The resulting preprocessed, normalized, and labeled dataset provides a consistent and well-defined

foundation for dimensionality reduction, classification, and explainability analysis. By explicitly linking



sensor measurements to operational states and failure outcomes, this preprocessing workflow ensures that

subsequent modeling results are both statistically robust and physically interpretable.

5. Methodology

This section describes the proposed explainable artificial intelligence framework for ESP failure diagnosis.
The methodology integrates Principal Component Analysis (PCA) for dimensionality reduction, a Random
Forest (RF) classifier for multi-class operational state identification, and SHapley Additive exPlanations
(SHAP) to provide transparent interpretation of model predictions. The framework is designed tovaddress
the strong correlations present in ESP sensor data while simultaneously delivering,aceurate, interpretable
diagnostic results suitable for field decision-making.

Figure 2 presents the workflow of the proposed PCA—Random Forest-SHAP \framework for explainable

. Engineering
Diagnosis

Figure 2. Overall Framework of the Proposed PCA-RF-SHAP Diagnostic Pipeline.
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5.1. Overview of the Diagnostic Framework

The overall diagnostic workflow consists of, three sequential stages. First, PCA is applied to the
preprocessed multivariate sensor dataseb to‘extract a reduced set of orthogonal features that capture the
dominant system behavior. Second, the,PCA-transformed data are used to train a Random Forest classifier
that identifies the ESP operating state at each time step. Finally, SHAP is employed to interpret the
classifier’s prediction$ byaquantifying the contribution of each original sensor variable to both global model
behavior and individual failute predictions.

This multi-stage \structure allows the framework to balance dimensionality reduction, predictive
performance, and interpretability, overcoming limitations of PCA-only monitoring and black-box machine-

learning,models.

5.2. Principal Component Analysis for Dimensionality Reduction

ESP sensor variables exhibit strong multicollinearity due to coupled hydraulic, thermal, electrical, and
mechanical processes. PCA was therefore employed to transform the normalized input matrix into a lower-
dimensional latent space while preserving the majority of the data variance [50].

Let X € R™Pdenote the normalized data matrix, where nis the number of observations and pis the number

of original sensor variables. PCA decomposes Xas [16]:



M X=TP"+E
where Tis the score matrix containing the projections of observations onto the principal components, Pis
the loading matrix composed of eigenvectors of the covariance matrix of X, and E'is the residual matrix.
The number of retained principal components was determined using the cumulative percentage of variance
(CPV) criterion. Components were selected such that the retained PCs captured more than 99% of the total
variance, ensuring minimal information loss while substantially reducing dimensionality. The resulting
PCA score matrix serves as the input feature space for classification [16].
To assess the necessity of PCA in the proposed framework, its impact on model performance and robustness
was considered. ESP sensor variables exhibit strong multicollinearity due to coupled physical processes,
including hydraulic, thermal, and electrical interactions. Direct use of highly correlated variables may lead
to redundancy and reduced model stability. PCA mitigates this issue by transforming the data into an
orthogonal feature space, improving numerical stability and reducing noise sensitivity.
A comparative analysis between models trained on the original normalized variables and PCA-transformed
features indicated that the PCA-based representation provided more stable classification performance,
particularly in distinguishing transitional (unstable) states. While similar overall accuracy levels were
observed, the PCA-based model demonstrated improved consistency and reduced sensitivity to noise.
The number of retained principal components was determined based on the CPV. Although a threshold of
447 resulted in six principal components, additional analysis showed that reducing the threshold to %°—
98% produced comparable classification performance. The selected threshold ensures minimal information

loss while maintaining the benefits of dimensionality reduction and decorrelation.

5.3. Random Forest Classification of ESP Operating States

To identify ESP operating,conditionsya Random Forest classifier was trained using the PCA score matrix
as input. Random Fgrestyis ‘an.ensemble learning method that constructs multiple decision trees using
bootstrap sampling and’aggrégatesytheir outputs through majority voting [17]. This approach is well-suited
for industrialfapplicationis due to its robustness to noise, ability to model nonlinear decision boundaries, and
resistanee to ayverfitting [51].

Each observation was classified into one of several operational states, including stable operation, unstable
transition,and distinct failure modes identified from field reports. The classifier was trained on the historical
training dataset described in Section 4, while testing was performed on a chronologically separate dataset
to emulate real-world predictive deployment.

Model hyperparameters, including the number of trees and maximum tree depth, were selected based on

sensitivity testing to balance classification accuracy and generalization performance. The trained Random



Forest outputs both predicted class labels and class probabilities, the latter being used for early-warning

assessment.

While Random Forest models offer strong predictive capability, their ensemble nature limits direct
interpretability. To address this limitation, SHapley Additive exPlanations (SHAP) were applied to interpret

model predictions in terms of the original sensor variables [52].

SHAP is grounded in cooperative game theory and assigns each feature a contribution va
its marginal impact on the model output. For a given prediction f(x), the SHAP Valué

feature iis defined as [18, 36]: \\

J13039)
where Fdenotes the full set of input features, Srepresents a subset of featur€s excluding feature i, and £ (S)is

the model prediction obtained using only the features in subset S.

SHAP analysis was conducted at two levels. Global SHAP was used to rank sensor variables

ESP failure behavior. Local SHAP analysis was themap i idual observations to explain specific
failure predictions, showing how variations in,senso

mode.

values back te the original physical variables, the framework provides transparent,
physically i 1 explanations of ESP failures, enabling engineers to distinguish between electrically

driv dtiven, and mechanically driven failure mechanisms.

5.5. Early-Warning Assessment Strategy

In additioho classification accuracy, the framework was evaluated for its ability to provide early warning
of impending ESP failures. For each observation in the testing dataset, the Random Forest classifier outputs
a probability associated with each failure class [53]. A warning condition is triggered when the predicted

probability of a failure class exceeds a predefined threshold.



The early-warning lead time is defined as the time difference between the first occurrence of a warning
condition and the actual pump shutdown event reported in field records. This metric directly quantifies the

practical value of the diagnostic framework in enabling proactive intervention [54].

A warning condition is triggered when the predicted probability of a failure class exceeds a predefined
threshold. In this study, the threshold was set to 0.7, meaning that a warning is issued when the model
assigns at least 70% probability to a failure state.

The threshold value was selected based on a trade-off between early detection capability and false-alarm
rate. Lower threshold values increase sensitivity and allow earlier detection of degradation but may result
in higher false-alarm frequency due to transient fluctuations in sensor data. Conversely, higher thresholds
reduce false positives but may delay detection and shorten the available lead time.

Preliminary analysis of model outputs indicated that a threshold in the range of +,7—+,A provides a stable
balance between these competing objectives. The selected value of 0.7 was found to produce consistent
early-warning signals while avoiding excessive false alarms, making it suitable for practical operational
use.

Although a formal Receiver Operating Characteristic (ROC) optimization was not the primary focus of this
study, the chosen threshold reflects a practical engineering compromise between reliability and

responsiveness in ESP monitoring applications.

5.6. Summary of Methodological Contributions

The proposed methodology integrates multivariate statistical analysis, supervised machine learning, and
explainable Al into a unified diagnestic framework. PCA addresses dimensionality and correlation
challenges inherent in ESP data, ‘Random Forest classification enables accurate multi-class failure
identification, and SHAP provides transparent interpretation of model predictions. Together, these
components form™a robust fandtinterpretable approach for ESP condition monitoring and predictive
maintenances

The inclusion of PCA plays a critical role in improving model robustness by addressing multicollinearity

and enabling a compact and informative feature representation.

6. Model Evaluation Metrics
To objectively assess the performance of the proposed explainable Al framework, multiple evaluation
metrics were employed. These metrics were selected to quantify not only the classification accuracy of the

model, but also its reliability in identifying different ESP operating states and its effectiveness in providing



early warning of impending failures. All metrics were computed using the testing dataset described in

Section 4, which was not used during model training.

6.1. Classification Performance Metrics
The Random Forest classifier produces a predicted operating state for each observation in the testing
dataset. To evaluate classification performance, standard metrics commonly used in multi-class
classification problems were adopted.
Let y;denote the true class label and J;the predicted class label for the i-th observation. Based on the
resulting confusion matrix, the following metrics were computed for each class [55, 56]:
e Accuracy, defined as the ratio of correctly classified samples to the total numbet ot samples,

provides an overall measure of model correctness:
Z?,:\ ICy: = 91)

N

where Nis the total number of test samples and I(+)is the indicator function.

4) Accuracy =

o Precision, which measures the reliability of positive predictions for a given class, is defined as the
ratio of true positives to the total number of'predicted positives.

o Recall, also referred to as sensitivity, measures the ability of the model to correctly identify samples
belonging to a given class and is defined,asithe xatio’of true positives to the total number of actual
positives.

e Fl-score, which is the harmoni¢ mean, of precision and recall, provides a balanced measure of
classification performance, particulatly in the presence of class imbalance.

These metrics were computed separately for each operational state (stable, unstable, and failure modes) and

then averaged to provide a macre-level’assessment of model performance.

6.2. Confusion Matrix Analysis

In addition to scalar performance metrics, a confusion matrix was used to analyze the classification behavior
of the model in detailyFhe confusion matrix provides insight into how often each operating state is correctly
identified'and which states are most frequently confused [57].

For thiststudy, the confusion matrix was normalized with respect to the true class labels to facilitate
interpretation. This normalization allows direct comparison of classification performance across classes,
even when the number of samples per class differs. Particular attention was given to misclassifications
between unstable and failure states, as these represent transitional operating conditions that are inherently

difficult to separate.



6.3. Failure Probability and Early-Warning Assessment
Beyond classification accuracy, a critical objective of ESP predictive maintenance is the ability to detect
failures sufficiently early to enable proactive intervention. To evaluate this capability, the class probability
outputs of the Random Forest classifier were analyzed [58].
For each time step, the classifier outputs a probability associated with each failure mode. A warning
condition is defined when the predicted probability of a failure class exceeds a predefined threshold. This
threshold was selected to balance sensitivity and false-alarm rate, ensuring that warnings €orrespond to
meaningful degradation rather than transient fluctuations.
The early-warning lead time is defined as [54]:

(5)  Lead Time = tpjjure — Lwaming
where ty,mingl$ the time at which the failure probability first exceeds the threshold andvty,;y,.corresponds
to the actual pump shutdown time recorded in field reports. This metrie¥directly quantifies how far in

advance the model can identify failure conditions.

6.4. Evaluation of Explainability Results

While explainability itself is not evaluated using a single numerical metric, the consistency and physical
relevance of SHAP explanations were assessediqualitatively. Global SHAP analysis was examined to verify
that the most influential variables identified by the model correspond to known ESP failure mechanisms,
such as increased motor current for overloading conditions or elevated vibration levels for mechanical
failures.

Local SHAP explanations wete evaluated by analyzing individual failure predictions and verifying whether
the dominant contributing variables alignfwith the expected physical behavior preceding the documented
failure mode. This qualitative assessment ensures that the model’s explanations are not only mathematically

consistent but also meaningfulifrom an engineering perspective.

6.5. Summary of Evaluation Strategy

The evaluation framework combines quantitative classification metrics, confusion matrix analysis, early-
warning lead,timé‘assessment, and qualitative explainability validation. Together, these measures provide
a comprehensive assessment of the proposed framework’s predictive accuracy, diagnostic reliability, and

practical usefulness for ESP condition monitoring.

7. Results and Discussion
This section presents the results obtained from applying the proposed PCA—Random Forest-SHAP

framework to the ESP field dataset and discusses their implications from both a data-driven and engineering



perspective. The results are organized to first demonstrate the effectiveness of dimensionality reduction and

classification, followed by early-warning performance and explainability analysis.

7.1. PCA-Based Representation of ESP Operating Behavior

Application of Principal Component Analysis to the normalized ESP sensor dataset resulted in a compact
representation of system behavior, with six principal components capturing more than 99% of the total
variance. This confirms the strong correlation structure among the original variables and justifies the use of
PCA as a preprocessing step prior to classification.

Visualization of the PCA score space revealed distinct clustering patterns corresponding to different
operational regimes. Stable operating periods formed a compact cluster, whereas unstable®and failure
conditions occupied separate regions in the reduced-dimensional space. Samiples associated with failure
modes exhibited a progressive deviation from the stable cluster, indicatifig' that, PCA effectively captures
the gradual degradation behavior preceding ESP failure.

The use of PCA contributed to improved separation of operating states in the reduced feature space, as
evidenced by the clustering behavior observed in the score plots. This transformation enhances the ability
of the classifier to distinguish between stable, unstable, and failure conditions, particularly in the presence
of correlated sensor variables.

These observations suggest that PCA not only ‘teduces “dimensionality but also preserves essential
information related to system health evelution, previding a meaningful feature space for subsequent
classification.

Figure 3 shows the PCA score plot (PC) versus PC2), illustrating the separation of stable, unstable, and

failure operating states in the reduced-dimensional feature space.
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7.2. Classification of ESP Operating States

Using the PCA-transformed features, the Random Forest classifier demonstrated strong capability in
identifying ESP operating states. The model achieved high overall classification accuracy on the testing
dataset, with particularly strong performance in distinguishing failure modes from stable operation.
Analysis of the confusion matrix shows that stable operation is identified with high precision and recall,
indicating reliable recognition of normal conditions. Unstable operating states exhibit slightly lower
classification performance, which is expected due to their transitional nature and overlap with both stable
and failure regimes. Importantly, the model successfully distinguishes between different failureymodes,
demonstrating its ability to move beyond binary anomaly detection.

Compared with PCA-only monitoring approaches that rely on statistical thresholds, the“proposed PCA—
Random Forest framework provides more detailed diagnostic resolution by explicitlyaclassifying failure

types rather than merely signaling abnormal behavior.

Figure 4 presents the normalized confusion matrix of the RandomyForest, classifier, demonstrating the

classification performance across different ESP operating states.

A detailed numerical summary of the classification performanceunettics for each operating state is provided

in Table 4.
Table t. Summary of Classification Performance Metrics for the PCA—RF Model.
Operating State Accuracy (%) | Precision (%) | Recall (%) | F1-score (%)
Stable operation 97.8 98.4 97.1 97.7
Unstable operation 92.3 90.8 91.5 91.1
Failure mode 1 (Qwverloading-related) 95.6 94.9 96.2 95.5
Failure mode 2 (Mechanical-related) 96.1 95.7 95.4 95.5
Macroraverage 95.5 95.0 95.1 95.0

Note: Performance metrics were computed using the testing dataset. Slightly lower performance for the
unstable operating state reflects its transitional nature and partial overlap with stable and failure regimes.

Macro-averaged values are reported to provide an unbiased evaluation across all operating states.
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7.3. Early-Warning Performance and Predictive Capability

Beyond classification accuracy, a key objective of the proposed framewerk is to\provide early warning of
impending ESP failures. Analysis of the predicted failure probabilities over time shows that the model
consistently identifies failure conditions several days before the actual,pump shutdown.

The early-warning lead time, defined as the interval between the first high-confidence failure prediction
and the documented failure event, demonstrates the ‘practical value of the framework for proactive
maintenance planning. This advance notice allowsweperators to reduce operating stress, plan chemical
treatments, or schedule maintenance activities beforejcatastrophic failure occurs.

From an operational standpoint, even a ‘short €arly-warning window can significantly reduce production
losses and workover costs, highlighting the‘importance of predictive lead time as a performance metric
alongside classification accuracy:

The selected threshold provided a stable balance between early detection and false alarm behavior, as
evidenced by consistent warning signals prior to failure events without excessive triggering during stable
operation.

Figure 5 depicts the temporal evolution of predicted failure probabilities, highlighting the early-warning
capability of the proposed framework prior to ESP failure.



08

07

o
@
T

o
o
T
o
E
£
@
=
g2
g

Predicted failure probability
. E
T

ot
w
T

0.2

I I I I I I S o I . |
o 1 2 3 4 5 6 7 8
Time (days)

9 10
Figure 5. Early-warning Failure Probability for ESQ\

01

Global SHAP analysis was employed to identify the most influential se variables contributing to model
predictions across the dataset. The results indicate that motemcu
e

t motor temperature are the

d variables.

¢ rankings and established engineering knowledge supports

plainable Al framework.

Figure 6 shows fthe g AP»feature importance, identifying the most influential sensor variables

contributin ailure prediction.
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Local SHAP analysis provides insight into individual failure uantifying how each sensor

variable contributes to a specific classification outcome. E epresentative failure cases reveals

distinct explanation patterns for different failure m
For overloading-related failures, local SH
temperature, indicating that increasing e i al stress drives the model toward predicting this
failure mode. In contrast, mechanical fai racterized by strong contributions from vibration
measurements, with relatively lower i thermal variables.

These distinct explanation 1 monstrate that the model not only predicts failure but also
differentiates between underlyingphys echanisms. Such interpretability enables engineers to associate
model predictions with actio aintenance strategies, such as chemical scale mitigation or mechanical

inspection.

§ the local SHAP explanation for a representative overloading-related failure, indicating the
dominant contribution of motor current and temperature.
Figure 8 presents the local SHAP explanation for a representative mechanical failure, highlighting the

dominant influence of vibration-related variables.
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7.6. Comparison with Existing ESP Diagnostic Approaches

The proposed PC —%&t—SHAP framework offers several advantages compared with existing

ESP diagnosti 4% ported in the literature. Traditional monitoring techniques, such as threshold-

based, 2 larménd a er chart analysis, are primarily reactive and rely heavily on expert interpretation.
1t h osed approach enables predictive, data-driven diagnosis using multivariate sensor

information.

Compared with PCA-based monitoring methods, which are commonly used for anomaly detection, the
present framework provides enhanced diagnostic capability by explicitly distinguishing between multiple
operating states, including stable operation, transitional instability, and distinct failure modes. This multi-
class classification capability represents a significant improvement over binary anomaly detection

approach.



To further evaluate the effectiveness of the proposed method, its performance can be considered in relation
to commonly used machine learning models in ESP diagnostics, including Support Vector Machines
(SVM), Artificial Neural Networks (ANN), and gradient boosting methods such as XGBoost. Previous
studies have shown that these models can achieve high predictive accuracy when trained on multivariate
sensor data. However, such models often operate as black-box systems and provide limited insight into the
physical drivers of failure.

In comparison, the Random Forest model used in this study provides robust classification performance
while maintaining stability in the presence of noisy and correlated industrial data. The “achieved
classification performance (macro F)-score = 4°7) is consistent with or comparablete results reported in
prior ESP-related machine learning studies.

More importantly, the key contribution of the proposed framework lies in its integration of explainable Al
through SHAP analysis. Unlike alternative models, the proposed approach.enablesidirect interpretation of
predictions in terms of physically meaningful variables, such as motor cutrentgtemperature, and vibration.
This capability allows engineers to associate predicted failurejconditions with underlying physical
mechanisms, supporting more informed and actionable decision-making.

Therefore, while several machine learning models mayyoffer/competitive predictive accuracy, the proposed
framework provides a more balanced solutionyby combining strong classification performance with
interpretability and engineering relevance, which are essential for practical deployment in ESP monitoring

systems.

7.7. Practical Implications and Limitations

The results of this study demonstrate that the proposed PCA—Random Forest-SHAP framework has strong
potential for application in real-world ESP condition monitoring. By combining predictive classification
with explainable outputs, the framework provides not only early detection of failure conditions but also
interpretable insights into the underlying physical drivers. This dual capability is particularly valuable in
industrial environments, where decision-making requires both accuracy and transparency.

From a practical perspective, the framework can be integrated into existing ESP monitoring systems as a
decision-support layer. Real-time sensor data can be continuously processed through the trained model to
identify deviations from stable operation and to estimate the probability of different failure modes. The
incorporation of SHAP-based explanations allows engineers to interpret these predictions in terms of
physical variables such as motor current, temperature, and vibration, thereby supporting targeted
maintenance actions such as load adjustment, chemical treatment, or mechanical inspection.

Despite these promising results, several limitations should be acknowledged. First, the study is based on
data from a single ESP installation. While this dataset provides valuable insight into real operational

behavior, variations in reservoir characteristics, fluid composition, pump design, and operating strategies



across different wells may influence model performance. As a result, the findings should be interpreted as
a case-study-based validation rather than a universally generalizable solution.

Second, the labeling of operational states, although grounded in field reports and supported by data-driven
criteria, may introduce some level of uncertainty due to the inherent complexity of ESP failure processes.
Transitional (unstable) behavior, in particular, can exhibit gradual and overlapping characteristics that are
difficult to define with strict boundaries.

Third, although PCA effectively reduces dimensionality and mitigates multicollinearity, the?ga;lsformation
of variables into a latent space may introduce some abstraction. While SHAP analysis was lﬁzd to map

contributions back to the original variables, further integration with physics-based models could enhance

the depth of root-cause interpretation. \ <

Finally, the current study focuses on classification-based failure diagnosis rather than long-term
_ - |
prognostics. Extending the framework to include remainin% useful life (RUL) prediction or degradation
A S N
trajectory modeling would further enhance its practical value.
A N - -
Future work should therefore focus on Vzﬁdatin‘g the proposed framework across multiple ESP systems and
diverse operating environments, improving labeling robustness, and integrating data-driven methods with
[ > I

physics-based models to achieve more comprehensive and generalizable diagnostic solutions.

7.8. Summary of Key Fi

In summary, the resu that the proposed explainable Al framework:
Y. Accurately classi SPoperating states and failure modes
Y. Providese rning of failures several days in advance

ysically meaningful drivers of failure through SHAP analysis

diagnostic transparency compared with black-box models

These findings confirm that integrating machine learning with explainable Al techniques represents a

significant advancement in ESP condition monitoring and predictive maintenance.

8. Conclusion
This study presented an explainable artificial intelligence framework for diagnosing Electric Submersible

Pump (ESP) operating conditions using real multivariate field data. By integrating Principal Component



Analysis (PCA), Random Forest classification, and SHapley Additive exPlanations (SHAP), the proposed
approach addresses key limitations of conventional ESP monitoring methods, particularly the lack of
interpretability and limited ability to distinguish between failure modes.

The results demonstrate that PCA effectively captures the dominant behavior of correlated ESP sensor
variables and provides a compact representation of system dynamics. Based on this reduced feature space,
the Random Forest classifier achieved high accuracy in distinguishing between stable operation, transitional
instability, and multiple failure modes. In addition to classification performance, the framework
successfully identified failure conditions several days prior to shutdown events, highlighting its capability
for early warning and proactive maintenance planning.

A key contribution of this work lies in the integration of SHAP-based explainability, which enables model
predictions to be interpreted in terms of physically meaningful variables. Both global and local SHAP
analyses revealed that dominant contributors to failure prediction—such as motor current, temperature, and
vibration—are consistent with known ESP failure mechanisms. This alignment between data-driven results
and engineering understanding enhances trust in the model and supports informed decision-making in field
operations.

While the proposed framework demonstrates strong potential, it is important to recognize that the current
validation is based on data from a single ESP installation. Therefore, the findings should be interpreted as
a case-study demonstration of the methodology. Further validation across multiple wells, operating
conditions, and ESP configurations is required to assess generalizability and robustness.

This work distinguishes itself from existing ESP diagnostic studies by explicitly integrating explainability
into a multi-class predictive framework using real field data.

Future research will focus on extending the framework to multi-well datasets, incorporating additional
machine learning models for benchmarking, and integrating physics-based knowledge to improve
interpretability and diagnostic depth. In addition, the extension of the approach toward prognostic
applications, such as remaining useful life estimation, represents a promising direction for enhancing
predictive maintenance strategies.

Overall, this study demonstrates that combining machine learning with explainable Al techniques provides
a powerful and practical approach for ESP failure diagnosis, offering a promising foundation for the

development of transparent and reliable predictive maintenance systems in digital oilfield applications.

Abbreviation
Abbreviation Definition
Al Artificial Intelligence

ANN Artificial Neural Network




CBM Condition-Based Maintenance
CNN Convolutional Neural Network
CPV Cumulative Percentage of Variance
DL Deep Learning
ESP Electric Submersible Pump
F1-score Harmonic Mean of Precision and Recall
IoT Internet of Things
LIME Local Interpretable Model-Agnostic Explanations
LSTM Long Short-Term Memory
ML Machine Learning
PCA Principal Component Analysis
RF Random Forest
ROC Receiver Operating Characteristic
RUL Remaining Useful Life
SHAP SHapley Additive exPlanations
SPE Squared Prediction Error
SVM Support Vector Machine
T2 Hotelling’s T-squaredStatistic
XAl Explainable Artificial Intelligence
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