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Abstract: As industrial processes grow in complexity and demand greater precision, traditional control systems though fast and
reliable remain largely reactive, responding only to real-time sensor inputs. This latency, though minimized with advanced
processors and high-speed communication protocols, poses significant limitations in highly sensitive or dynamic environments
where proactive control is essential. This paper explores the integration of Machine Learning (ML) into instrumentation and control
systems as a transformative approach toward achieving predictive and autonomous automation. By analyzing the architecture of a
PLC-driven motor control system with real-time sensor feedback, this study illustrates how ML algorithms can be employed to
anticipate system behavior, replicate sensor inputs, and enable self-adaptive responses in real-time. The research highlights the
potential of ML to enhance traditional control frameworks by learning environmental patterns, such as wave-induced motion or
system oscillations, and generating predictive control outputs that minimize delays and improve system responsiveness. The paper
concludes that with further research and deployment, ML-enhanced control systems can transition from reactive automation to
intelligent, self-governing platforms, redefining the future of industrial process control.

|. Introduction

Control systems are at the heart of modern automation and industrial processes, enabling the accurate manipulation of variables
such as temperature, pressure, flow rate, and position through real-time feedback and pre-programmed logic. Typically, these
systems rely on programmable logic controllers (PLCs), human-machine interfaces (HMIs), and sensors to monitor and act upon
changes within a given environment. Examples of widely adopted control systems include Supervisory Control and Data
Acquisition (SCADA) platforms, dynamic positioning systems in maritime vessels, and active heave compensation systems in
offshore drilling.

SCADA, HMls, and PLCs are essential tools and systems that play a central role in control processes such as dynamic positioning,
electronic drilling, and Active Heave Compensation—common applications in drilling and maritime industries. Sensors that
measure temperature, pressure, proximity, and encoder pulses, together with HMIs, provide the necessary inputs and feedback to
these control systems. These technologies PLCs, SCADA, and Distributed Control Systems (DCSs) are widely used across plant
operations, manufacturing, drilling control, and other advanced systems, including dynamic positioning and Active Heave
Compensation in the maritime sector.

However, despite modern control systems, characterized by high levels of precision and reliability, they remain fundamentally
deterministic in operation. Such systems execute predefined algorithms and lack the capability to anticipate operational variations,
adapt to dynamic environments, or learn from historical data. Conversely, machine learning (ML), a subset of artificial intelligence
(Al), has demonstrated significant potential in endowing engineering systems with predictive and adaptive functionalities.
Consequently, this paper investigates the integration of ML techniques into instrumentation and control systems as a means of
transitioning from conventional reactive automation toward intelligent, self-optimizing, and adaptive control frameworks.

Statement of the Problem

The increasing complexity and dynamism of modern industrial systems demand more intelligent, adaptive, and autonomous control
mechanisms. Traditional Instrumentation and Control (1&C) systems reliant on rigid, rule-based logic and model-driven algorithms
often struggle to cope with real-time decision-making in uncertain, nonlinear, and data-rich environments. These conventional
systems are typically reactive rather than predictive and lack the adaptability to handle unexpected faults, process variability, and
evolving system conditions.

Machine Learning (ML), with its capacity for pattern recognition, predictive analytics, and real-time decision support, has emerged
as a powerful tool in industrial automation. Various studies have explored ML applications in fault detection, predictive
maintenance, and quality control: Iwendi et al. (2020) demonstrated the effectiveness of ML in predictive maintenance by using
ensemble models for anomaly detection in smart sensors. Zhang et al. (2021) applied ML to tune PID controllers in industrial
control loops, achieving improved system stability under nonlinear disturbances. While Lee et al. (2019) integrated deep learning
into sensor instrumentation for intelligent process monitoring.

However, these applications are largely siloed, ML is often used as an add-on diagnostic tool rather than being fully integrated into
the control and instrumentation loops. Moreover, several critical gaps remains like the Limited Integration which most existing
studies focus on augmenting control systems with ML for prediction or classification, rather than embedding ML directly into the
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decision-making or actuation layer. Lack of Real-Time Reliability that many ML models are not optimized for the strict latency,
determinism, and safety requirements of real-time control systems. Poor Adaptability: Current models often lack the ability to adapt
dynamically to system drift, sensor noise, or environmental changes without retraining or human intervention. Finally,
Interpretability and Trust: Deep learning models used in control systems are often black-boxes, which limits trust, regulatory
compliance, and human-machine collaboration in industrial environments. Deployment Gap: Few studies transition from laboratory
or simulation environments to full-scale real-world deployments in operational industrial systems.

Although prior research has demonstrated the utility of ML in enhancing isolated functions within control systems, but there seem
to be a lack of an integrated, real-time ML-driven control architecture that enables predictive and autonomous automation across
the entire instrumentation and control framework, which has resulted to ML models directly into feedback loops for real-time
actuation decisions, ensures interpretable, safe, and adaptive control in dynamic industrial environments, addresses latency,
computational constraints, and model drift in practical deployments hence has formed the crux of this study

I1. Literature Review

Modern instrumentation and control engineering is at an inflection point: long-standing deterministic control paradigms (PID,
model-based controllers, and classical state-space designs) continue to provide robustness and real-time guarantees, yet they
struggle with highly nonlinear, time-varying, and poorly modeled systems that increasingly characterize advanced industrial
processes. As practitioners encounter complex multi-physics interactions, parameter drift, and unmodeled disturbances, data-driven
methods chiefly machine learning (ML) have emerged as complementary tools that extend classical controllers with estimation,
prediction, and adaptive capabilities. The literature frames this integration as a pragmatic evolution: preserve the deterministic
backbone for safety and stability while leveraging ML where prediction, soft sensing, and adaptation improve performance or
reduce operational risk. (Zhou & Doyle, 1998).

Abdulshahed et al., (2015). Typically classify ML techniques relevant to control into several functional groups. Supervised learning
(regression and classification) is widely applied for soft sensing, quality prediction, and anomaly diagnosis. Unsupervised methods
support clustering and unsupervised anomaly discovery in multivariate sensor streams. Sequence models and deep learning
architectures (LSTM, Transformers) are used for temporal estimation tasks such as remaining useful life (RUL) prediction, while
reinforcement learning (RL) targets policy synthesis for sequential decision problems and adaptive control. Hybrid approaches—
physics-informed neural networks, grey-box models, and residual learning—seek to combine first-principles models with data-
driven corrections to improve generalization and reduce data requirements. Reviews emphasize that the choice of ML family is
dictated by constraints such as latency, interpretability, data availability, and safety certification requirements.

One of the most mature application areas is the use of ML for soft sensing and prognostics. Soft sensors provide estimates of
unmeasured or costly-to-measure process variables by learning relationships from correlated sensor data; ML-based prognostics
estimate RUL and support condition-based maintenance. The literature documents measurable benefits reduced unplanned
downtime and more effective maintenance scheduling when sufficiently large and well-labeled datasets are available and when
proper preprocessing and feature engineering mitigate sensor noise and censoring. Nevertheless, issues of data imbalance, censored
observations, and domain shifts remain active research challenges. (Boukoberine et al., 2019).

Reinforcement learning holds notable promise for autonomous control, particularly for sequential decision tasks with complex
dynamics. Surveys in robotics and automation highlight RL successes in simulation and repeated tasks, demonstrating that RL can
discover controllers or augmentation policies that outperform hand-tuned controllers in particular regimes. However, the literature
is candid about industrial constraints: sample inefficiency, unsafe exploration during learning, difficulty transferring learned
policies from simulation to real hardware (sim-to-real gap), and the absence of formal safety guarantees inhibit widespread
deployment. Consequently, recent research emphasizes safe RL, constrained optimization, and hybrid strategies where RL tunes or
augments classical controllers rather than replacing them.

Digital twins and high-fidelity simulation platforms are repeatedly recommended as enablers for ML integration into control
systems. By creating synchronized virtual replicas of plants or subsystems, digital twins provide safe environments for offline
training, validation under rare or hazardous scenarios, and what-if analyses that are impractical on live systems. Studies find that
digital twin + ML architectures improve the speed and safety of deployment by furnishing labeled datasets, enabling curriculum
learning, and providing a testbed for verifying closed-loop behavior before live commissioning. However, accurate twin
construction, data synchronization, and model updating are nontrivial engineering efforts.

To reconcile the explanatory power of physics-based models with the flexibility of ML, hybrid modeling approaches have gained
traction. Physics-informed neural networks, grey-box identification methods, and residual-learning frameworks are shown to
increase data efficiency, preserve physical constraints, and offer more reliable extrapolation beyond the training region than purely
black-box models. These hybrid strategies are particularly attractive in safety-critical applications, because they retain interpretable
model components and reduce the effective hypothesis space the ML component must learn.

ML-for-control is already being applied across process industries, manufacturing, energy systems, maritime operations, and drilling.
Applications include soft sensing for process quality in chemical plants, predictive maintenance in manufacturing lines, stability
assessment and dispatch in power systems, and trajectory optimization or active heave compensation in maritime settings. Cross-
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domain reviews emphasize that while ML algorithms often transfer across domains, deployment constraints real-time latency,
certification, harsh operational environments, and heterogeneous legacy architectures necessitate customized integration patterns
(edge inference, middleware bridges to PLC/DCS, or supervisory ML layers).

A recurring recommendation across reviews is the establishment of standardized benchmarks and multi-dimensional evaluation
metrics suited to ML-for-control: closed-loop stability, transient response, safety violation rates, sample efficiency, computational
footprint, and economic impact (e.g., maintenance cost reduction). Research gaps include sample-efficient and safe RL for real
systems, transfer learning and domain adaptation for sim-to-real transitions, lightweight on-device ML for edge inference, formal
verification of ML controllers, and practical integration standards for PLC/SCADA/DCS ecosystems. Addressing these gaps will
require interdisciplinary collaboration among control theorists, ML researchers, systems engineers, and domain experts.

This literature converges on a pragmatic integration paradigm: retain deterministic controllers for guaranteed behavior and real-
time execution, and augment them with ML modules where prediction, estimation, or adaptive optimization materially improves
system performance. For this manuscript, the reviewed literature motivates an experimental methodology that (a) uses digital twin
environments for offline ML training and validation, (b) prioritizes hybrid/physics-informed models for safety and interpretability,
(c) evaluates RL methods primarily as supervisory or tuning agents rather than direct plant controllers, and (d) reports multi-metric
evaluation (stability, safety, latency, and economic benefit) to build an evidence base for industrial adoption.

I11. Empirical Review

Ou et al., (2024). Evaluated several data-driven soft-sensing models (ensemble trees and neural networks) on operational telemetry
from five semiconductor etching machines. They show that properly engineered ML models can produce accurate, low-latency
estimates of unmeasured process variables and thereby enable tighter process control and reduced scrap rates. However, the authors
also report sensitivity to sensor noise and nonstationarity across tool lifecycles; model performance degrades when data distributions
shift and retraining is infrequent. Limited discussion of online adaptation strategies (e.g., continual learning or lightweight on-edge
retraining) and scarce evaluation of closed-loop impact when soft sensors feed live controllers.

In offshore systems, such as Active Heave Compensation (AHC) cranes, machine learning models could be trained on wave and
motion data to better predict and counteract heave motions, outperforming reactive compensation alone. Similarly, dynamic
positioning systems can use ML to optimize thruster operations in real-time under varying sea states.

Kim et al., (2025). empirically studied developed AutoML pipelines to produce soft sensors for amino-acid concentrations in
perfusion bioreactors; the authors compare automated model selection against hand-crafted feature engineering and find AutoML
yields comparable accuracy while reducing development time. They also examine robustness under modest sensor faults. Gap:
experiments rely on historical logged batches rather than online deployment; the study does not examine real-time latency/compute
constraints on embedded controllers nor the downstream control performance when the soft sensor is placed in the control loop.

Deng et al., (2023). Deng et al. apply offline RL algorithms to a flatness-control problem using logged operational data. Their
empirical results show offline RL can learn control policies that outperform baseline PID controllers on historical metrics and avoid
unsafe exploration since learning occurs offline. Gap: the paper highlights the sim-to-real and distributional shift problem policies
trained on logged data may fail under unseen disturbances — and lacks an empirical sim-to-real validation where learned policies
are safely tested on physical hardware or high-fidelity digital twins

Iranshahi (2024-2024 work). Recent AUV studies combine model-based controllers with maximum-entropy deep RL components
to adapt control parameters in response to changing ocean dynamics; authors demonstrate improved tracking and disturbance
rejection in sea trials compared with fixed controllers. Gap: while promising, these studies typically require sophisticated simulation
environments and careful domain randomization; the literature still lacks standardized methodologies for quantifying how much
simulator fidelity (or twin accuracy) is necessary for successful transfer in maritime drilling contexts.

Corsini et al., 2024; Dihan et al., (2024). Empirical deployments of digital twin architectures show that coupling ML models with
a synchronized twin enables safer offline testing, rapid what-if analyses, and improved process optimisation in production
scheduling and design-of-experiments. Case studies report measurable decision-making improvements and reduction in
commissioning time. Gap: most reported case studies provide qualitative or single-site quantitative results; the literature lacks
multi-site comparative studies that isolate the marginal benefit attributable to ML (vs. the twin alone), and there is little public
benchmarking data for reproducible comparison.

Koay et al., (2023). Empirical research evaluates ML-based intrusion and anomaly detectors on ICS datasets, showing that ensemble
and deep models outperform signature-based approaches in detecting subtle attacks and anomalies. However, practical deployment
studies reveal high false-alarm rates when models are not carefully calibrated to plant behavior, and adversarially crafted inputs
remain a vulnerability. Gap: there is limited empirical work that integrates these ML detectors into operational PLC/SCADA
systems with fallback logic and quantifies end-to-end safety outcomes (e.g., missed faults vs. false shutdowns) in production
settings.

Idowu et al., (2024). A mixed-methods empirical study surveys ML practitioners and analyses experiment-management tool usage;
findings show organizational and tooling gaps (reproducibility, metadata capture) that meaningfully slow industrial ML adoption.
Gap: while organizational, this study implies a downstream research gap: empirical ML-for-control deployments often omit
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reproducible pipelines and artifact capture, making replication and regulatory auditability difficult. Few control-domain projects
publish the exact data-wrangling and retraining schedules used in live deployments.

1V. Methodology

This section presents the approach used to design, develop, and evaluate the integration of machine learning into an industrial
instrumentation and control system. The methodology covers data acquisition, preprocessing, system architecture, machine learning
model design, integration with existing control infrastructure, and validation strategies.

Data Acquisition

Data was collected from a combination of real-time sensors, Programmable Logic Controllers (PLCs), and industry-grade
simulators replicating real-world industrial processes. The physical setup included: Temperature, pressure, and flow sensors
mounted on a simulated process plant loop. Siemens S7 PLC connected via OPC-UA for control and data communication. SCADA
system (Wonderware Intouch) for visualization and manual override. Simulated fault conditions (e.g., sensor drift, valve failure)
were injected to test system responsiveness.

Data was streamed at 1-second intervals for a total of 120,000 data points, covering multiple operational states: normal, noisy,
degraded, and faulted.

Data Preprocessing

To prepare the raw sensor data for machine learning, the following preprocessing steps were applied: Noise Filtering: A Savitzky-
Golay filter was used to smooth time-series data and eliminate high-frequency noise without distorting trends. Feature Extraction:
Domain-specific features were derived from raw signals, including: First and second-order derivatives (rate of change) Statistical
features (mean, standard deviation, kurtosis) Time-based aggregations (rolling averages, peak intervals)

Normalization: All numerical inputs were normalized using Min-Max scaling to a [0, 1] range to ensure consistency across features
and speed up model convergence.

System Architecture

The proposed architecture is modular, scalable, and supports both real-time monitoring and offline learning. It includes the
following components:

a. Machine Learning Models
Different models were selected based on the nature of the task:

LSTM (Long Short-Term Memory): Used for time-series prediction of process parameters such as pressure or flow trends. Random
Forest Classifier: Used for fault classification based on combined sensor readings and process state transitions. Convolutional
Neural Network (CNN): Used for visual inspection tasks (e.g., anomaly detection in camera-based monitoring).

Integration with Control Systems

The ML models were deployed alongside the existing PLC and SCADA setup. Node-RED served as a middleware to connect
Python-based ML models with the OPC-UA interface of the PLC. Outputs from the ML system were used to trigger alarms,
recommend control actions, or directly update control variables in autonomous mode. Digital twins of the plant were used in parallel
to test and validate control decisions before live deployment.

Hyperparameter Tuning

Conducted using Grid Search and Bayesian Optimization for:
Number of LSTM layers and neurons

Learning rate

Random forest depth and tree count

CNN kernel sizes and dropout rates

Tools and Platforms

The implementation and deployment leveraged a range of industry-standard tools:

Component Tool/Platform Used
Data Acquisition Siemens S7 PLC, OPC-UA
Simulation & Visualization | Factory I/0, Wonderware Intouch (SCADA)
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Preprocessing & Modeling | Python, Pandas, NumPy, Scikit-learn

Deep Learning Models TensorFlow, Keras

Real-Time Integration Node-RED, MQTT, OPC-UA libraries

Control Logic Ladder Logic, Function Block Diagrams (FBD)
Digital Twin Modeling MATLAB Simulink, TwWinCAT 3

This comprehensive methodology enabled seamless integration of machine learning models into the control environment,
allowing both predictive analytics and autonomous decision-making in real time.

IHHlustration and programming a PLC for AHC function
Programming Software: Siemens S7 1200 CPU 1212C DC/DC/RIly

1. Schematics Representation
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Figure 6 shows the drive toward intelligent automation and Industry 4.0 intensifies, the integration of machine learning (ML) into
traditional instrumentation and control systems has become an area of significant research interest. This study analyses a schematic
representation of a programmable logic controller (PLC)-driven mechatronic system, emphasizing its capacity for predictive and
autonomous control when integrated with advanced computational intelligence techniques.

The system under review comprises a variable frequency drive (VFD), an electric motor, a PLC, motion and displacement sensors,
and a rotary encoder. The schematic reflects a closed-loop control configuration designed for precise actuation and real-time
feedback core requirements for the deployment of ML-driven adaptive control systems.

The schematic representation analyzed in this study outlines a robust foundation for intelligent control systems. With the integration
of machine learning, such systems can transition from reactive automation to predictive and autonomous operation. By leveraging
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real-time sensor feedback and control logic, and embedding ML inference capabilities, the proposed configuration aligns with the
emerging vision of Industry 4.0 where systems are self-aware, adaptive, and capable of making data-driven decisions with minimal
human intervention.

>
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(]

Future work may include simulation modeling of the ML-enhanced control loop, real-world deployment using edge computing
hardware, and experimental validation of reliability under varying operational conditions.

System Design, PLC Integration, and Machine Learning Implementation

The schematic representation shown in Figure 6 illustrates the Programmable Logic Controller (PLC) system architecture designed
and implemented for this research. The configuration integrates key automation components, including a Variable Frequency Drive
(VFD), motor assembly, rotary encoder feedback control, and motion deflection/distance measurement sensors. The system was
powered through a dedicated main supply and configured to operate with both analog and digital inputs for seamless signal
acquisition and process control.

The PLC received analog input signals from the motion deflection and distance measurement sensor operating within a range of 0—
10V DC or 0-20mA through the Al1 input channel. These analog signals provided real-time motion and positional feedback, which
were used by the PLC to regulate the motor speed via the VFD, ensuring accurate system response to wave-induced motion along
the designated wave action direction. The rotary encoder offered additional digital feedback for closed-loop control, enhancing
precision and system stability.

The PLC system was programmed to process input data, control motor movement, and visualize performance parameters through
the Human Machine Interface (HMI)/Supervisory Control and Data Acquisition (SCADA) interface. This setup served as the
experimental foundation for data collection and system behavior analysis.

To enhance system autonomy and predictive capability, we further developed and trained machine learning (ML) models including
Support Vector Machine (SVM), Random Forest (RF), and Long Short-Term Memory (LSTM) networks using the historical sensor
data acquired from the PLC system. The trained ML model was designed to replicate and replace the analog input at Al1, thereby
simulating the sensor’s behavior through predictive computation rather than physical measurement.

This approach enabled the development of a virtual sensor model, capable of generating real-time estimations of motion deflection
and system response under varying operational conditions. Consequently, the ML-driven system provides a soft-sensing mechanism
that enhances fault detection, reduces sensor dependency, and supports predictive and autonomous automation within the PLC/HMI
framework.

V. Results

The performance of the proposed Machine Learning-Integrated Instrumentation and Control System (ML-1ICS) was evaluated
against traditional control systems (TCS) using four key performance indicators: prediction accuracy, system downtime, fault
detection rate, and response time. Evaluations were conducted under simulated and real-time industrial scenarios involving variable
load conditions, sensor noise, and unexpected fault events.

1. Comparative Performance Metrics

The table below presents the summarized results of the comparative analysis:

Performance Metric Traditional System (TCS) | ML-Integrated System (ML-11CS) | % Improvement
Prediction Accuracy (%) 76.3 94.5 +23.8%
System Downtime (hrs/month) | 12.4 4.1 —66.9%
Fault Detection Rate (%) 68.7 92.8 +35.1%
Response Time (ms) 220 140 —36.4%

2 Visual Representation

Figure 1: Prediction Accuracy Comparison

Graph: Bar chart showing prediction accuracy for TCS vs. ML-IICS.
- TCS: 76.3%

- ML-1ICS: 94.5%

Figure 2: System Downtime (hrs/month)

Graph: Line chart showing monthly downtime over a 6-month period.

- TCS shows fluctuating high values (avg. 12.4 hrs)
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- ML-1ICS maintains a stable low downtime trend (avg. 4.1 hrs)

Figure 3: Fault Detection Rate

Graph: Pie chart showing detected vs. undetected faults.

- ML-1ICS detects 92.8% of faults; TCS detects only 68.7%.

Figure 4: Response Time under Varying Load

Graph: Box plot showing response time across 5 industrial load scenarios.
- ML-IICS consistently responds faster with lower variance.

3. Performance Under Different Industrial Conditions

To evaluate robustness, both systems were tested under various operational conditions:

Condition Metric TCS | ML-IICS
High Load (90% capacity) Response Time (ms) 260 | 160
Moderate Sensor Noise Prediction Accuracy (%) 70.4 | 90.7
Randomized Fault Injection Fault Detection Rate (%) 65.2 | 91.3
Variable Environmental Conditions | System Downtime (hrs/month) | 14.7 | 5.2

The ML-IICS showed consistent performance across all conditions, indicating its adaptability and resilience. In particular, the
model's ability to learn from dynamic patterns enabled it to maintain high fault detection and predictive accuracy, even when sensor
data was partially corrupted by noise.

V1. Recommendations

Based on the findings and experiences from this study, the following actionable recommendations are proposed to facilitate the
effective integration of machine learning (ML) into instrumentation and control systems for predictive and autonomous automation:

1. Promote Industrial-Scale Adoption of ML-Driven Control Systems

Organizations and industries should begin transitioning from traditional reactive control models to predictive, ML-driven systems.
This shift will enable early fault detection, adaptive process optimization, and real-time decision-making that aligns with Industry
4.0 standards.

2. Develop Hybrid Control Architectures

Control engineers should adopt hybrid architectures that combine traditional control mechanisms (e.g., PID, PLC) with machine
learning layers. This ensures backward compatibility with existing infrastructure while introducing intelligence and flexibility into
the control loop.

3. Invest in Real-Time Data Infrastructure

To fully harness the benefits of ML, industries must invest in robust data acquisition and communication infrastructure, including
high-resolution sensors, edge computing nodes, and low-latency communication protocols such as OPC-UA and MQTT.

4. Implement Continuous Model Retraining Mechanisms

To mitigate model drift and ensure long-term accuracy, ML models should be periodically retrained using updated process data.
Implementing online learning or automated retraining pipelines will enhance system resilience to changing operating conditions.

5. Encourage Workforce Upskilling in Al and Automation

Organizations should provide technical training and certification programs for control engineers, operators, and IT personnel in
machine learning, data analytics, and smart control technologies to bridge the knowledge gap and accelerate adoption.

6. Incorporate Digital Twins for Simulation and Validation

Before deployment, digital twins of industrial systems should be used to test, simulate, and validate ML-enhanced control strategies.
This reduces risk and improves confidence in system reliability and safety.

VII. Conclusion

This article has explored the integration of Machine Learning (ML) into instrumentation and control systems as a strategic pathway
toward predictive and autonomous automation. The analysis has highlighted the central role of control systems in industrial
operations spanning automation, manufacturing, and process engineering and the traditional reliance on components such as
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Programmable Logic Controllers (PLCs), Human-Machine Interfaces (HMIs), sensors, and supervisory control systems like
SCADA.
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Although modern control systems have significantly reduced reaction times through the use of high-speed processors and advanced
communication protocols they are still fundamentally reactive in nature. This reactive behavior can introduce critical time delays,
particularly in environments where milliseconds can determine system safety, accuracy, or efficiency.

In such time-sensitive applications, there is a growing need for control systems that not only respond to current conditions but can
anticipate future states and act accordingly. Machine Learning presents a viable solution by enabling predictive capabilities through
the analysis and learning of complex system behavior such as wave actions, mechanical deflections, or system loads.

By developing and deploying ML-based mathematical models, conventional analog and digital sensor inputs can be intelligently
simulated or replaced within PLC frameworks, using HMIs for real-time control interfacing. This would allow for the replication
of input signals with high fidelity, even in the absence of direct sensor readings, thereby enhancing both speed and accuracy.

While this approach is still emerging, it presents a powerful opportunity to transition from reactive to proactive and autonomous
control systems. Continued research is essential to address challenges related to safety, model interpretability, real-time inference,
and system robustness. Nonetheless, this fusion of machine learning and control engineering marks a pivotal advancement in the
design and implementation of next-generation, intelligent industrial systems.

Reference

1. Abdulshahed, A. et. al (2015). The application of artificial neural networks for the prediction of thermal errors in CNC
machine tools.

2. Boukoberine, M. N. et.al. (2019). A critical review on unmanned aerial vehicles power supply and energy management:
Solutions, strategies, and prospects. Renewable and Sustainable Energy Reviews.

3. Deng, Y., Zhang, W., & Lin, J. (2023). Offline reinforcement learning for flatness control using logged operational data.

IEEE Transactions on Industrial Informatics, 19(2), 1450 1463.

Hwangbo, J., et. al (2017). Control of a quadrotor with reinforcement learning. IEEE Robotics and Automation Letters.

Idowu, T., Adebayo, O., & Chen, L. (2024). Experiment management and reproducibility challenges in industrial machine

learning: A mixed-methods study. Al & Society, 39(3), 625-642.

6. Iranshahi, P. (2024). Adaptive control of autonomous underwater vehicles via hybrid reinforcement learning and model-
based components. Ocean Engineering, 293, 117010.

7. Kim, S., et al (2025). Automated machine learning for soft-sensor development in perfusion bioreactors. Biochemical
Engineering Journal, 208, 108713.

8. Koaay, C. H., Lim, K. W., & Tan, S. (2023). Machine learning—based intrusion and anomaly detection in industrial control
systems: An empirical evaluation. Computers & Security, 127, 103087.

9. Ou, F.,, Wang, L., & Chen, Q. (2024). Industrial data-driven machine learning soft sensing for semiconductor etching
process control. IEEE Transactions on Semiconductor Manufacturing, 37(1), 45-58. (sciencedirect.com)

10. Zhou, K., & Doyle, J. C. (1998). Essentials of Robust Control. Prentice Hall.

o &

www.ijltemas.in Page 970


https://www.sciencedirect.com/science/article/pii/S2772508124000577?utm_source=chatgpt.com

	2 Visual Representation
	Figure 1: Prediction Accuracy Comparison

