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Abstract

High-Performance Liquid Chromatography (HPLC) isvial analytical technique
extensively used in pharmaceutical, chemical, amdirenmental laboratories, where
measurement accuracy directly affects product tyuahd regulatory compliance. Despite its
analytical robustness, HPLC systems operate urigbrgdressure conditions and are prone to
progressive component degradation that conventipraatentive or corrective maintenance
strategies often fail to detect at an early stalygletected performance deterioration can lead
to unexpected downtime, increased maintenance ,casts compromised data integrity.
This study proposes an Artificial Intelligence (Aljiven predictive maintenance framework
for HPLC instruments integrating real-time opemasibmonitoring, anomaly detection, fault
classification, and Remaining Useful Life (RUL) iesttion. Critical parameters—including
pump pressure behavior, flow rate stability, detetiaseline variation, retention time drift,
and system logs—are analyzed using machine leamougls such as autoencoders, Random
Forest classifiers, and Long Short-Term Memory (MJTnetworks. The proposed
architecture enhances early fault detection, ogimaintenance scheduling, and improves
analytical reliability in regulated laboratory eromments.
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High Performance Liquid Chromatography (HPLC) isréical analytical technique
widely utilized in modern laboratories for pharmaiteal quality assurance, chemical
characterization, environmental monitoring, andichl investigations. It provides high
accuracy, sensitivity, and reproducibility in chratmgraphic separations (Snyder et al., 2010;
Skoog et al., 2018). Despite its analytical robessy HPLC systems operate under high-
pressure conditions and consist of multiple integtanechanical and electronic components,
making them susceptible to operational faults, conemt degradation, and system failures
(Dong, 2019; Kazakevich & Lo Brutto, 2007; McNairMgiller, 2011).

Common operational issues in High Performance itdigGhromatography (HPLC)
systems include pump seal degradation, flow ratetdktions, degasser malfunction, column
clogging, autosampler injection inaccuracies, aredector baseline drift (Dong, 2019;
Kazakevich & LoBrutto, 2007). These faults typigatlevelop progressively and may not
trigger immediate system alerts, leading to unetggenstrument failure and compromised
analytical accuracy (McNair & Miller, 2011; Skoogad., 2018).

Conventional maintenance strategies primarily walytime-based preventive servicing,
conducted at fixed intervals such as monthly omiguly schedules. Although this approach
minimizes the risk of major breakdowns, it may fesupremature replacement of functional
components (Mobley, 2002). Conversely, correctivantenance is implemented only after
system failure, which increases instrument downtiraperational costs, and workflow
disruptions (Wireman, 2005).

Predictive maintenance represents an advancedegtrathat enables continuous
monitoring of instrument performance to anticipptgential failures before their occurrence
(Jardine et al., 2006). The integration of Artificiintelligence (Al) and machine learning
techniques enhances the ability to analyze compénsor datasets and operational trends
(Goodfellow et al., 2016). Al-driven models canntly subtle variations in pressure profiles,
chromatographic peak behavior, and detector regsoriacilitating early fault detection and
optimized maintenance management (Wuest et al§;Z0drvalho et al., 2019).

Literaturereview

Artificial Intelligence (Al)-based predictive mdanance has been widely implemented
in industrial systems to enable condition-based itoong and early fault detection.
Traditional diagnostic models evolved into dataren approaches that leverage machine
learning algorithms for analyzing multivariate sendata and identifying degradation trends
(Jardine et al., 2006). Supervised techniques asc8upport Vector Machines and Random
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Forest classifiers have demonstrated strong pedioce in fault categorization, while
unsupervised models including autoencoders anatisal Forest have proven effective for
anomaly detection in environments with limited lldedatasets (Goodfellow et al., 2016;
Carvalho et al., 2019).

Recent advancements emphasize deep learning emtcings, particularly Long Short-
Term Memory (LSTM) networks, for modeling sequeingsansor behavior and estimating
Remaining Useful Life (RUL) in predictive mainter@napplications. These methods capture
nonlinear degradation dynamics and temporal depeme® in complex systems.
However, the majority of existing research focueaslarge-scale industrial equipment and
rotating machinery, where structured fault datasets readily available. In contrast, Al-
driven maintenance frameworks tailored for anadjti@boratory instruments—particularly
High-Performance Liquid Chromatography (HPLC)—remkinited. Prior studies primarily
address isolated component monitoring rather thaegrated system-level diagnostics.
Moreover, challenges such as chromatographic methodbility and regulatory compliance
requirements are insufficiently explored. These ithtions highlight the need for a
comprehensive Al-based predictive maintenance taatire specifically designed for HPLC
systems. “Accordingly, this study proposes an iratgl Al-enabled framework combining
anomaly detection, fault classification, and RUltireation tailored specifically for HPLC
systems.”

M ethodol ogy
Data Acquisition and Pre-processing

Operational parameters were obtained from key corapts of the High-Performance
Liquid Chromatography (HPLC) system, including pumppgessure transducers, flow rate
measurement units, detector baseline outputs, hrmmatographic retention time records.
Raw datasets generated by analytical instrumentsnotontain measurement noise,
incomplete entries, and variability resulting frodifferences in analytical procedures.
Consequently, a systematic preprocessing workfloas westablished prior to model
construction.

Signal denoising was carried out using a movingrage technique to minimize high-
frequency variations observed in pressure readamgsdetector baseline signals. Abnormal
values arising from temporary disturbances or tnpacinconsistencies were detected through
statistical threshold methods and excluded to reduatential bias in model training. To
maintain consistency across multiple chromatog@phethods, feature scaling was
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implemented using min—-max normalization. Continuduse-series observations were
divided into uniform time segments to capture laeal operational behavior effectively.

From each segmented interval, both statisticalriosetand domain-relevant condition
indicators were derived. These included averagdesyspressure, pressure variability,
pressure ripple magnitude, baseline noise deviateiantion time shift rate, peak asymmetry
coefficient, and flow fluctuation index. Collectiye these parameters provide quantitative

insights into instrument performance and were wsethput variables for machine learning
analysis.

Anomaly Detection Framewor k

Due to the scarcity of labeled fault datasets ahotatory settings, an unsupervised
learning strategy was adopted for preliminary arnlgmeéentification. The aim was to
characterize normal operational patterns and ddmgations that may indicate early signs of
system deterioration.

Isolation Forest and One-Class Support Vector Maif©C-SVM) algorithms were applied

to identify irregular feature distributions. In afiloh, an autoencoder neural network was
trained solely on data representing normal opegatianditions. The autoencoder learns
compact latent representations of system behawidrattempts to reconstruct input features
during evaluation. Elevated reconstruction erroydoel a defined threshold was considered

Anomaly Detection in Pump Pressure Signal

Pressure Signal
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indicative of abnormal system activity and triggees early alert mechanism.
Fault Classification M odel
In cases where labeled fault information was awdd, supervised machine learning

technigues were employed to categorize specifituriai modes, including pump seal
degradation, column obstruction, detector fluctwagj and flow inconsistencies.
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Random Forest and Gradient Boosting algorithmsewselected because of their
resilience to noisy data and capability to modemplex nonlinear relationships among
features. Support Vector Machines were utilized $eparating high-dimensional feature
spaces, while Long Short-Term Memory (LSTM) netvgorkere implemented to capture
temporal dependencies within sequential data. Featontribution analysis was also
performed to enhance model transparency and suppompliance with analytical laboratory
standards.

Remaining Useful Life (RUL) Prediction

To facilitate predictive maintenance planning,ireation of Remaining Useful Life
(RUL) was incorporated into the analytical framekvdéquipment degradation patterns were
modeled using regression techniques along with L®HESed forecasting approaches.
Gradual changes in parameters such as pressute mpensity and retention time deviation
were interpreted as indicators of progressive systear.

A Bayesian probabilistic modeling strategy was #tddally explored to account for
prediction uncertainty and generate confidence dsudor maintenance planning. Estimated
RUL outputs were used to produce timely maintenaratdications before reaching critical

Remaining Useful Life (RUL) Prediction Curve
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failure thresholds.
System Integration

The overall methodology combines pre-processingnmaly detection, fault diagnosis,
and RUL forecasting into a cohesive Al-enabled tecg maintenance architecture. This
integrated framework supports early detection afoatmalities, precise fault identification,
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and informed maintenance decision-making, ultinyagglhancing operational reliability and
minimizing unplanned downtime in HPLC systems.
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Anomaly Detection

The anomaly detection module was evaluated usgnstruction-error analysis from
the trained autoencoder model. The proposed deeprazoder achieved a detection accuracy
ranging between 93% and 95% on unseen operati@tal th comparison with traditional
unsupervised methods such as Isolation Forest ane-Gass SVM, the autoencoder
demonstrated improved capability in capturing nuedir dependencies among pressure
fluctuations, retention time drift, and detectorséline variations. This indicates that deep
latent feature learning enhances sensitivity tdlewdarly-stage degradation patterns in HPLC

systems.

Fault Classification

For supervised fault diagnosis, Random Forest ,(Bbpport Vector Machine (SVM),
and LSTM models were comparatively analyzed. Th& MS$etwork achieved the highest
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classification accuracy of 96.4%, with a precisair95.6% and F1-score of 95.8%. Random
Forest also showed stable performance with 95.8%uracy, while SVM achieved
comparatively lower results at 92.3% accuracy. $teerior performance of LSTM can be
attributed to its ability to model sequential defgon behavior present in chromatographic
operational data.

Remaining Useful Life (RUL) Prediction

The LSTM-based time-series forecasting model wagl@yed for prognostic evaluation
of component degradation. The model achieved a M&bsolute Error (MAE) of 4.2
operating hours and a Root Mean Square Error (RM$BE)8 operating hours. Maintenance
alerts were generated approximately 8-12 hourg poi@ritical failure thresholds, enabling
proactive intervention. The implementation of theedictive framework resulted in an
estimated reduction of nearly 30% in unplannedesysdowntime.

Discussion
Results confirm that deep learning models sigaiftty enhance predictive maintenance
performance in HPLC systems. Unsupervised anonetlction is effective in scenarios with

limited labeled data, while supervised LSTM modmisvide accurate fault classification and
prognostics.

Model generalization may depend on chromatograph&thod variability. Future
improvements may include explainable Al technicaiesd physics-informed neural networks.

Conclusion

High-Performance Liquid Chromatography (HPLC) iostents require reliable
maintenance strategies to ensure analytical acguaad minimize operational downtime.
Conventional preventive and corrective approachiesoften reactive and unable to detect
early-stage degradation.

This study proposed an Al-driven predictive manatece framework integrating
anomaly detection, fault classification, and RenmgnUseful Life (RUL) prediction.
Machine learning models such as autoencoders, RanBorest, and LSTM networks
demonstrated strong performance in identifying aa behavior and forecasting
component degradation.

The proposed system improves maintenance planredgces unexpected failures, and
enhances laboratory productivity. Future work magus on multi-instrument validation and
explainable Al integration for improved practicapoyment.
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