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ABSTRACT 

In the modern era of Industry 4.0, manufacturing and process 

industries are transforming toward smart, data- driven systems. 

Artificial Intelligence (AI) has emerged as a key enabler for 

predictive quality management in industrial process control. 

Predictive quality refers to the capability of a system to 

anticipate deviations in product or process quality using real-

time data and advanced analytics. AI techniques such as 

machine learning (ML), deep learning (DL), and digital twins 

enable predictive models that reduce defects, minimize 

downtime, and enhance process stability. This review presents 

an in-depth discussion of AI applications in predictive quality 

for industrial process control, highlighting methodologies, 

frameworks, and case studies. Current challenges including 

data scarcity, model interpretability, and integration with 

legacy systems are discussed along with future directions such 

as explainable AI and hybrid intelligent systems. 

KEYWORDS: Artificial intelligence, predictive quality, industrial process control, machine 

learning, deep learning, Industry 4.0, digital twin. 

 

1. INTRODUCTION 

Industrial process control (IPC) plays a crucial role in maintaining product consistency, 

process efficiency, and operational reliability. Traditionally, quality control in manufacturing 

relied on offline sampling and statistical process control (SPC) methods. However, these 

approaches detect quality deviations only after they occur. In contrast, predictive quality uses 
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AI-based models to forecast quality issues before defects arise, enabling proactive 

intervention. 

 

The increasing complexity of manufacturing operations combined with the explosion of 

sensor data from IoT devices has accelerated the adoption of AI.
[01][02]

 Predictive quality 

control (PQC) systems leverage algorithms capable of learning from vast process data, 

correlating inputs and outputs, and identifying subtle patterns that indicate potential failures 

or deviations.
[03]

 

 

AI-driven predictive control aligns with the principles of Industry 4.0, emphasizing 

connectivity, automation, and intelligent decision-making.
[04]

 By combining process data 

analytics with advanced modelling, AI not only improves product quality but also reduces 

production costs, energy consumption, and waste. 

 

Recent studies show that predictive AI models in process industries can increase yield by up 

to 20%, while reducing unplanned downtime by 30-40%.
[05]

 Consequently, AI is no longer 

optional: it has become an essential component of smart manufacturing ecosystems. 

 

 

Figure 1: AI Implementation process. 

 

2. Overview of Industrial Process Control 

Industrial process control involves monitoring and regulating production processes to 

maintain product quality and operational safety. A typical IPC system includes sensors, 

controllers, actuators, and feedback mechanisms that maintain process variables such as 

temperature, pressure, and flow within desired limits.
[06]
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Figure 2: Block Diagram for process Control System.
[07] 

 

2.1 Conventional Control Approaches 

Traditional control systems employ Proportional–Integral–Derivative (PID) controllers and 

model-based techniques such as Model Predictive Control (MPC). While these systems are 

effective for stable, linear processes, they struggle with highly nonlinear and dynamic 

environments.
[08]

 Moreover, manual tuning and reliance on empirical models limit 

adaptability to process variations.
[09]

 

 

2.2 Evolution toward Data-Driven Systems 

The digital transformation of industry has enabled real-time data collection through smart 

sensors and distributed control systems (DCS). This evolution shifted control paradigms from 

purely mechanistic models toward hybrid and data-driven models.
[10]

 AI, particularly ML and 

DL, allows these systems to self-learn and self-optimize by continuously analysing large 

volumes of multivariate data.
[11]

 

 

2.3 Quality Control in Process Industries 

In sectors such as chemicals, cement, steel, and pharmaceuticals, maintaining consistent 

product quality is challenging due to raw-material variability, equipment aging, and 

environmental fluctuations.
[12]

 Traditional quality assurance relies on after-production 

inspection, whereas predictive quality control integrates real-time monitoring with AI models 

to identify quality risks early.
[13] 

 

Predictive systems transform raw sensor data into actionable insights by using supervised 

learning models trained on historical process and quality datasets.
[14]

 Once trained, these 

models can predict key quality indicators such as viscosity, particle size, or concentration well 

before deviations reach specification limits.
[15]

 

 

3. CONCEPT OF PREDICTIVE QUALITY 

Predictive quality is an advanced strategy in which the system predicts the quality outcome of a 



Ingle et al.                                                                            World Journal of Pharmaceutical Research 

www.wjpr.net      │     Vol 15, Issue 4, 2026.      │     ISO 9001: 2015 Certified Journal      │ 

 

 

 

 

1526 

process or product before production completion.
[16]

 It bridges the gap between process 

monitoring and final inspection by embedding intelligence into the control loop. 

 

3.1 Definition and Scope 

Predictive quality refers to the utilization of historical and real-time data, analytics, and AI to 

estimate the future state of process quality metrics.
[17]

 The goal is to forecast potential quality 

deviations and suggest corrective actions automatically. 

 

3.2 Core Components 

1. Data Acquisition: Continuous collection of process parameters from sensors, PLCs, and 

SCADA systems.
[18]

 

2. Feature Engineering: Selecting and transforming relevant variables that significantly 

influence quality outcomes.
[19]

 

3. Model Training: Using AI algorithms (e.g., regression, neural networks, decision trees) to 

build predictive models.
[20]

 

4. Prediction and Control: Real-time prediction of quality indicators and automated 

adjustment of process parameters.
[21]

 

5. Feedback Learning: Continuous model improvement using new production data.
[22]

 

 

3.3 Benefits 

 Early detection of quality drift and process instability.
[23]

 

 Reduced inspection costs and wastage.
[24]

 

 Enhanced process transparency.
[25]

 

 Improved customer satisfaction and regulatory compliance.
[26]

 

 

4. Artificial Intelligence Techniques For Predictive Quality 

AI in industrial process control uses computational intelligence to recognize patterns, predict 

outcomes, and optimize prouction quality.
[27]

 These techniques include machine learning 

(ML), deep learning (DL), expert systems, and hybrid AI frameworks that combine rule-

based and data-driven logic.
[28] 

 

AI-driven predictive quality systems typically follow three operational stages 

1. Data perception: Collecting and pre-processing sensor and operational data from control 

systems. 

2. Cognitive inference: Model learning and prediction using algorithms. 
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3. Decision execution: Automated or operator-guided control actions based on AI 

insights.
[29]

 

 

4.1 Machine Learning Techniques 

Machine Learning (ML) models are central to predictive quality applications. They help 

identify non-linear dependencies between process parameters and quality outcomes.
[30] 

 

Common ML algorithms include 

Support Vector Machines (SVM): Effective for small to medium datasets and for 

classification of quality outcomes such as “acceptable” or “defective.” 

 

Random Forest (RF): An ensemble method that provides robust predictions even with noisy 

industrial data.
[31]

 

 

Artificial Neural Networks (ANN): These can approximate complex relationships and 

are widely used for predicting parameters like purity, viscosity, or defect probability.
[32] 

 

Gradient Boosting (XGBoost, LightGBM): Offers high accuracy and is suitable for real-time 

predictive control systems.
[33] 

 

Case Example 

In a chemical manufacturing plant, a Random Forest-based predictive model achieved a 95% 

accuracy rate in identifying batches likely to fail quality tests, reducing rework costs by 

18%.
[34] 

 

4.2 Deep Learning Applications 

Deep Learning (DL), a subset of ML, enables high-level feature extraction directly from raw 

sensor or image data.
[35] 

 

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have found 

significant use in predictive quality control due to their capacity to model time-series and 

spatial data.
[36] 

 

CNNs for Visual Quality Inspection 

In steel manufacturing, CNN-based models automatically detect surface defects, 

outperforming manual inspection and classical ML by 25% in precision.
[37]
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RNNs and LSTMs for Temporal Quality Prediction 

Long Short-Term Memory (LSTM) networks are used to analyze historical time-series data 

such as temperature and pressure variations, predicting deviations before they occur.
[38]

 

 

Hybrid Dee Learning Models 

Recent works integrate CNNs with reinforcement learning to create self-optimizing quality 

control systems that autonomously adjust process settings.
[39] 

 

5. INDUSTRIAL CASE STUDIES 

Case Study 1: Predictive Quality in Cement Manufacturing 

An ensemble ML model combining Random Forest and Gradient Boosting was developed to 

predict cement fineness using raw feed composition and kiln temperature data.
[20]

 The system 

reduced product variability by 30% and improved energy efficiency by 12%, demonstrating 

the advantage of real-time prediction over traditional feedback control. 

 

Case Study 2: AI-driven Process Optimization in Food Processing 

In the food industry, AI models predicted viscosity and texture quality based on real-time 

sensor inputs.
[40]

 Artificial Neural Networks (ANNs) reduced manual sampling time by 40% 

while maintaining batch-to-batch consistency.
[05] 

 

Case Study 3: Smart Quality Control in Semiconductor Manufacturing 

In semiconductor fabrication, deep learning models integrated with high-resolution imaging 

systems achieved over 98% accuracy in wafer defect classification.
[15]

 These AI-driven 

systems minimized yield loss and inspection time, highlighting the potential of automated 

predictive quality inspection. 

 

Case Study 4: Predictive Quality Control in Chemical Industry 

A hybrid CNN-LSTM model was designed to monitor reactor temperature and pressure 

patterns in a continuous chemical process.
[41]

 The system accurately predicted purity 

deviations up to 45 minutes before they occurred, enabling proactive corrective actions. 

 

Case Study 5: AI-Enabled Steel Manufacturing Systems 

A deep learning-based predictive system was deployed in steel production to estimate slag 

composition and adjust furnace parameters in real-time.
[10]

 The model reduced process 

variability by 20% and improved throughput efficiency. 
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6. CHALLENGES AND LIMITATIONS OF AI IN PREDICTIVE QUALITY 

Despite rapid progress, implementing AI-based predictive quality systems faces several 

barriers. These challenges are classified into data-related, technical, integration, and 

organizational categories. 

 

6.1 Data-Related Challenges 

Industrial datasets often suffer from missing, noisy, or inconsistent entries.
[14]

 Sensor 

calibration errors and inconsistent sampling rates lead to unreliable data quality. Moreover, 

labelling datasets for supervised learning is labour-intensive and time-consuming.
[42]

 To 

overcome these challenges, self-supervised learning and transfer learning approaches are 

being explored.
[43] 

 

6.2 Technical Limitations 

AI models, especially deep learning networks, are often criticized for their “black-box” 

nature.
[31]

 This lack of interpretability makes it difficult for engineers to trust and validate 

predictions. Additionally, real-time implementation of AI algorithms in industrial 

environments faces computational latency challenges.
[11]

 

 

Edge computing has emerged as a viable solution to bring inference closer to the process layer, 

reducing response time.
[09]

 

 

6.3 Integration with Legacy Systems 

Many factories still operate on outdated SCADA and DCS systems that lack AI 

compatibility.
[26]

 Integrating predictive AI modules with such systems requires costly 

retrofitting and custom communication protocols.
[25] 

 

6.4 Organizational and Ethical Concerns 

AI implementation often requires workforce upskilling and a shift in industrial culture.
[24]

 

Data privacy, algorithmic bias, and accountability remain critical ethical issues, especially 

when AI decisions impact product release and compliance.
[23] 
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Figure 3: A high-level illustration of the challenges involved in implementing AL/ML 

solutions within the manufacturing industry. 

 

7. Future Trends In Predictive Quality For Industrial Process Control 

7.1 Explainable AI (XAI) 

Explainable AI provides interpretability to machine learning models. Tools like SHAP 

(SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic 

Explanations) help engineers visualize which process parameters most influence quality 

outcomes.
[19] 

 

7.2 Edge and Federated Learning 

To reduce latency and ensure data security, industries are adopting edge learning and 

federated learning architectures.
[21]

 These allow local plants to train models collaboratively 

without sharing raw data, preserving confidentiality and improving scalability. 

 

7.3 Integration with Digital Twis and IIoT 

The combination of Digital Twin and Industrial Internet of Things (IIoT) technologies is 

reshaping predictive quality systems.
[04]

 Real-time digital replicas continuously adapt to 

sensor feedback, providing process optimization suggestions before deviations occur.
[32] 

 

7.4 Hybrid Intelligence and Human-AI Collaboration 

Future industrial AI systems will merge computational intelligence with expert domain 

knowledge, forming hybrid intelligent systems.
[33]

 These systems leverage both algorithmic 

learning and human intuition for improved reliability. 

 

7.5 Sustainability and Green Manufacturing 

Predictive quality systems contribute to sustainable production by reducing waste, optimizing 
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energy use, and minimizing emissions.
[33]

 The integration of AI-driven decision-making 

aligns with the principles of Industry 5.0 and circular economy frameworks. 

 

8. CONCLUSION 

Artificial Intelligence is revolutionizing industrial process control by enabling predictive, 

rather than reactive, quality management. Through machine learning, deep learning, and 

digital twin technologies, predictive quality control anticipates deviations and drives 

proactive corrective actions. 

 

Case studies across cement, steel, food, and semiconductor sectors show that AI-based 

systems can improve efficiency, reduce costs, and ensure consistent quality. However, issues 

related to data integrity, interpretability, and integration persist. Future developments in 

explainable AI, edge computing, and hybrid intelligent systems are expected to overcome 

these barriers. 

 

Ultimately, predictive AI represents a cornerstone of Industry 5.0, where human expertise 

and intelligent automation coexist to ensure sustainable and resilient manufacturing systems. 
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