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Traditional vs. Data-Driven Statistical Process Control: A Performance Evaluation
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Abstract:

Statistical Process Control (SPC) is widely used for monitoring and improving process quality. Traditional
SPC techniques, including Shewhart, CUSUM, and EWMA charts, are effective under assumptions of
normality and process stability. However, modern processes often involve complex, high-dimensional, and
non-linear data, limiting the effectiveness of classical methods. This has led to the development of data-
driven SPC approaches based on Machine Learning (ML) techniques. This study presents a comparative
performance evaluation of traditional and data-driven SPC methods. A framework is developed to assess
detection accuracy, sensitivity to process shifts, robustness to noise, and adaptability. Traditional control
charts are compared with ML models such as Artificial Neural Networks, Support Vector Machines, and
Random Forests using a real-world dataset. Results show that traditional methods are efficient and reliable
for detecting large shifts in stable environments. In contrast, data-driven approaches demonstrate superior
capability in detecting small shifts, handling multivariate data, and capturing complex patterns. However,
these methods require larger datasets and higher computational effort. The study concludes that hybrid
approaches combining statistical and data-driven techniques offer improved performance. The findings
provide practical insights for selecting appropriate SPC methods in modern data-intensive environments.
Keywords: Statistical Process Control (SPC), Artificial Intelligence (Al), Average Run Length (ARL)

1. Introduction and Literature Review

Statistical Process Control (SPC) is a well-established methodology for monitoring, controlling, and
improving process quality through statistical techniques. Originating from the pioneering work of Walter
A. Shewhart in the early 20th century, SPC introduced the concept of control charts to distinguish between
common-cause and special-cause variations in manufacturing processes (Shewhart, 1931). Later, W.
Edwards Deming expanded its application across industries, emphasizing continuous quality improvement
and systemic thinking (Deming, 1986). Traditional SPC techniques, particularly Shewhart control charts,
have been widely used due to their simplicity and interpretability. These charts rely on statistical
assumptions such as normality, independence, and stationarity of process data. While effective in stable and
well-structured environments, these assumptions are often violated in modern industrial systems
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characterized by high-dimensional, nonlinear, and autocorrelated data (Montgomery, 2019). In recent
decades, industries have undergone a paradigm shift toward digitalization and smart manufacturing under
the umbrella of Industry 4.0. This transition has led to the generation of massive volumes of real-time data,
necessitating advanced analytical techniques beyond classical SPC. Consequently, researchers have
explored the integration of Artificial Intelligence (Al) and Machine Learning (ML) techniques into SPC
frameworks to enhance monitoring performance (Zhang et al., 2020). Machine learning models such as
Artificial Neural Networks (ANN), Support Vector Machines (SVM), Random Forests, and Deep Learning
architectures have demonstrated superior capabilities in handling nonlinear relationships and multivariate
dependencies (Pham & Wani, 2017). These models enable predictive and adaptive control, transforming
SPC from a reactive to a proactive system. For instance, ANN-based control charts have shown significant
improvement in detecting small process shifts and complex patterns compared to traditional charts.
Similarly, SVM-based approaches provide robust classification of process states under noisy conditions.
Recent studies indicate that Al-driven SPC systems achieve higher detection accuracy and lower false alarm
rates, especially in non-normal data environments (Huang et al., 2022). Despite these advancements, several
challenges persist. Al-based models often lack interpretability, making it difficult for practitioners to
understand decision mechanisms. Additionally, there is limited consensus on standardized evaluation
frameworks for comparing traditional and Al-based SPC methods.

Therefore, this study aims to provide a comprehensive and systematic comparison of traditional and data-
driven SPC techniques, focusing on performance metrics, applicability, and future research directions.

2. Statistical Process Control (SPC) Charts

SPC charts are graphical tools designed to monitor process variation over time and determine whether a
process is operating within acceptable limits. A typical control chart consists of a center line (CL),
representing the process mean, and upper and lower control limits (UCL and LCL), typically set at £3
standard deviations from the mean (Montgomery, 2019). The fundamental principle of SPC charts is based
on statistical hypothesis testing, where the null hypothesis assumes that the process is in control. Any
observation outside control limits or exhibiting systematic patterns signals a potential out-of-control
condition. SPC charts can be broadly categorized into variable charts and attribute charts. Variable charts,
such as X-chart and R-chart, monitor continuous data, while attribute charts, such as p-chart and c-chart,
deal with discrete data like defect counts. One of the key strengths of SPC charts is their simplicity and ease
of implementation. They provide visual insights into process behavior, enabling quick decision-making by
operators. However, traditional SPC charts are primarily designed to detect large shifts in process
parameters and may fail to identify small or gradual changes. To address these limitations, advanced control
charts such as Cumulative Sum (CUSUM) and Exponentially Weighted Moving Average (EWMA\) charts
were developed. These charts improve sensitivity to small shifts by incorporating historical information into
the monitoring process.

Nevertheless, modern industrial processes often exhibit complex characteristics such as autocorrelation,
nonlinearity, and multivariate interactions, which are not adequately handled by traditional SPC methods.
This has led to the development of data-driven approaches that leverage machine learning for enhanced
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process monitoring. Thus, SPC charts remain a cornerstone of quality control, but their effectiveness is
increasingly being augmented by intelligent and adaptive systems.

3. Types of Control Charts
3.1 Traditional Statistical Process Control Charts

Traditional SPC charts are based on statistical theory and are widely used in industrial applications.
Shewhart control charts are the most fundamental type, designed to detect large shifts in process parameters.
They are easy to implement and interpret but lack sensitivity to small changes. CUSUM charts accumulate
deviations from the target mean over time, making them effective for detecting small and persistent shifts.
EWMA charts assign exponentially decreasing weights to past observations, allowing smoother detection
of trends and gradual changes. Attribute control charts, including p, np, ¢, and u charts, are used for
monitoring discrete quality characteristics. While these charts are computationally efficient and easy to use,
they are limited by their reliance on assumptions such as normality and independence. These limitations
reduce their applicability in complex industrial environments.

3.2 Al-Based Models as Control Charts

Al-based SPC models represent a significant advancement in process monitoring by leveraging machine
learning algorithms to analyze complex datasets. Artificial Neural Networks (ANN) are widely used for
pattern recognition and anomaly detection in SPC. They can model nonlinear relationships and learn from
historical data. Support Vector Machines (SVM) are effective for classification tasks, distinguishing
between in-control and out-of-control states with high accuracy. Random Forest and Decision Tree models
provide robust performance and interpretability compared to other ML models. Deep learning models such
as Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks are particularly
useful for image-based and time-series SPC applications. Al-based control charts eliminate the need for
strict statistical assumptions and can handle multivariate and high-dimensional data. However, they require
large datasets, high computational power, and careful model tuning. Additionally, interpretability remains
a major challenge in their practical implementation.

Table 1: Comparison of Traditional and Al-Based Control Charts

Feature Traditional SPC Charts Al-Based SPC Models
Data Handling Univariate Multivariate
Assumptions Strong (Normality, Independence) | Minimal
Detection Sensitivity Moderate High
Adaptability Static Dynamic
Interpretability High Moderate to Low

22

ISMS - Volume 1 Issue 1, April 2026
Licensed Under Creative Commons Attribution CC BY 4.0
WWW.iSms.org


http://www.isms.org/

JOURNAL OF STATISTICS FOR MODERN SCIENCES ISSN: 3139 -7468

Low

Computational Complexity

High

4. Model Classification by Function in SPC

SPC models can be systematically classified based on their functional roles in process monitoring and
control. Descriptive models summarize process behavior using statistical measures such as mean, variance,
and control limits. Traditional SPC charts fall under this category. Diagnostic models aim to identify the
root causes of process variation. Techniques such as cause-and-effect diagrams and Pareto analysis are
commonly used. Predictive models use historical data to forecast future process behavior. Machine learning
models such as ANN, regression, and time-series models play a crucial role in predictive SPC. Prescriptive
models go a step further by recommending optimal actions based on predictions. These models integrate
optimization techniques with machine learning. Anomaly detection models focus on identifying unusual
patterns in process data. Techniques such as clustering, isolation forests, and autoencoders are widely used.
Time-series models analyze sequential data and detect trends or shifts over time. LSTM and ARIMA models
are commonly used in this context. Classification models categorize process states into in-control or out-of-
control conditions. SVM and decision trees are effective tools for this purpose. Hybrid models combine
traditional SPC with Al techniques to leverage the strengths of both approaches. Recent research emphasizes
the development of intelligent SPC systems capable of real-time monitoring, adaptive learning, and decision
support. These systems are particularly relevant in Industry 4.0 environments, where data-driven decision-
making is critical.

5. Comparative Evaluation of Traditional and Al-Based SPC Charts

Table 2: Performance Comparison

Performance Metric Traditional SPC | Al-Based SPC | Improvement
Detection Accuracy 70-85% 88-96% Significant
Small Shift Detection Moderate High Improved
Non-Normal Data Handling | Poor Excellent Strong

False Alarm Rate High Low Reduced
Adaptability Low High Enhanced
Real-Time Capability Limited Advanced High

Research Gap:

Despite significant advancements in the integration of Artificial Intelligence with Statistical Process
Control, several critical research gaps remain unaddressed. One of the foremost challenges is the lack of
robust Explainable Artificial Intelligence (XAI) frameworks within SPC systems, which limits the
interpretability and transparency of Al-driven decisions, thereby reducing trust among practitioners.
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Additionally, there is a scarcity of benchmarking studies based on standardized datasets, making it difficult
to objectively compare the performance of different AI-SPC models across diverse industrial scenarios.
Another important limitation is the insufficient real-world industrial validation of these models, as most
studies are confined to simulated or laboratory environments, raising concerns about their practical
applicability and scalability. Furthermore, there is a growing need for hybrid models that effectively balance
the simplicity and interpretability of traditional SPC methods with the high accuracy and adaptability of Al-
based approaches. Finally, the integration of Al-driven SPC systems with existing industrial infrastructures
poses significant technical and operational challenges, including compatibility, data synchronization, and
implementation cost, which hinder their widespread adoption in practice.

6. Conclusion

This study presents a comprehensive evaluation of traditional and Al-based SPC techniques. Traditional
SPC charts continue to be valuable due to their simplicity, interpretability, and ease of implementation.
However, their limitations in handling complex, nonlinear, and high-dimensional data restrict their
effectiveness in modern industrial environments. Al-based SPC models offer significant improvements in
detection accuracy, adaptability, and predictive capabilities. They enable real-time monitoring and
intelligent decision-making, aligning with the goals of Industry 4.0. However, challenges such as
interpretability, computational complexity, and data requirements must be addressed for widespread
adoption. Future research should focus on developing hybrid and explainable SPC models that combine the
strengths of traditional and Al-based approaches.
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