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Abstract. In industrial manufacturing, Machine Learning (ML) models
enable predictive quality control but often struggle with concept drift.
This occurs when temporal shifts in data undermine model reliability.
This study presents a drift-handling framework that combines automated
monitoring, statistical drift detection and adaptive retraining to maintain
the model performance in dynamic production environments. Incoming
data are organized in a three-tier storage system, enabling selective incre-
mental updates or full retraining based on the magnitude of drift. Drift is
detected using statistical testsand model updates are guided by hold-out
performance evaluation. Empirical results indicate that tree-based mod-
els outperform linear approaches in capturing non-linear patterns critical
for quality control. Additionally, the integration of explainability meth-
ods, including SHAP-based feature attribution and natural language ex-
planations, enhances transparency and supports root-cause analysis. The
framework mitigates distributional shifts, optimizes the efficiency of re-
training and provides robust interpretable ML solutions.

Keywords: Concept drift · Predictive quality control · Industrial ma-
chine learning · Drift detection · Adaptive retraining · Explainable AI ·
Manufacturing process optimization.

1 Introduction

Advanced driver-assistance features and in-vehicle systems, such as Driver Mon-
itoring Systems and Heads-up Display, depend on precise manufacturing pro-
cesses to ensure safety and reliability. Even minor deviations in production can
have significant consequences, ranging from functional degradation to complete
product rejection. Thus, manufacturers are under strong pressure to integrate
quality assurance mechanisms that can detect potential defects early, reduce
costs, and maintain the high standards required by the industry.

ML has emerged as a key enabler of predictive quality control in this context.
By analyzing high-dimensional sensor and process data, ML models are capa-
ble of uncovering hidden patterns and correlations that traditional statistical
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techniques may overlook. Previous studies have demonstrated promising results,
showing that algorithms such as Random Forest, Support Vector Machines, and
Gradient Boosting can predict defects, optimize workflows, and improve resource
efficiency. These advances underscore the potential of ML to transform industrial
quality control into a more proactive and data-driven discipline.

However, deploying ML in real-world manufacturing comes with persistent
challenges. A critical issue is concept drift, that is, the gradual or sudden
change in data distributions over time [1]. Drifts may result from variations in
material properties, wear of production equipment, environmental fluctuations,
or sensor recalibration. Left unaddressed, these shifts degrade model perfor-
mance and compromise the reliability of predictive systems, ultimately leading
to costly production interruptions or undetected defects. Unlike controlled labo-
ratory settings, industrial environments are dynamic and unpredictable, making
robust drift management a prerequisite for sustainable ML adoption.

Methods like online learning and adaptive ensembles address concept drift
but often lack the efficiency or transparency needed for manufacturing, which
limit their applicability in manufacturing. In particular, engineers often require
explanations to interpret why model predictions change and to trace the under-
lying causes of quality problems. Without this level of explainability, the trust
and the practical usability of predictive systems are reduced.

To address these challenges, we propose a drift detection and retraining sys-
tem tailored to the needs of industrial manufacturing. The approach integrates
three key components: (1) automated drift monitoring to detect changes in data
distributions, (2) retraining mechanisms that adapt models efficiently without
excessive computational overhead, and (3) explainability methods that provide
engineers with actionable insights into model behavior. Combining these com-
ponents ensures that predictive models maintain their accuracy, dependability,
and transparency under different conditions.

The contributions of this manuscript are threefold. First, we design a drift
detection framework that continuously monitors production data streams and
signals when retraining is required. Second, we evaluate retraining strategies that
balance model performance with computational efficiency, making them feasible
for industrial deployment. Finally, we demonstrate how explainability techniques
can be integrated into predictive quality control, supporting root-cause analysis
and enhancing trust among domain experts.

By proactively addressing concept drift, the proposed system reduces down-
time, supports shop-floor decisions, and enhances process resilience. It bridges
the gap between research and industrial ML adoption.

2 Related work

ML has been applied in manufacturing for predictive quality, defect detection,
and process optimization. Some studies [2, 3] demonstrate the effectiveness of
ensemble models, such as Random Forest and XGBoost, for classification tasks
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in production lines, achieving a level of accuracy above 90%. These works show
how feature engineering and imbalance handling improve model robustness.

The review by Tercan and Meisen [4] shows widespread use of ML for predic-
tive quality, improving rejection rates and defect detection, while noting chal-
lenges in high-dimensional data, class imbalance, and production integration.

Other studies report industrial case studies, such as clustering for waste
reduction [5] and convolutional neural network with long short-term memory
(CNN-LSTM) fault detection with 92.5% accuracy, limited by data quality [6].
Borré et al. [7] present a hybrid CNN-LSTM architecture. Their approach aims
to manage the uncertainties present in the data and yielded superior results
compared to traditional reference models.

Mangal and Kumar [8] investigated predictive quality large-scale production
datasets at Bosch, applying ensemble and big data techniques to achieve strong
predictive performance (AUC = 0.718), despite challenges of high dimensionality
and sparsity. Kausik et al. [9] provide a systematic review that analyzes over 300
studies over the last two decades to evaluate the effectiveness of widely used ML
algorithms in manufacturing quality assurance applications.

Concept drift affects all these works, as changing processes and human factors
require frequent retraining and are rarely addressed in deployed solutions. Recent
industrial studies, such as Zink et al. [11], show that concept drift remains a
pressing issue in several industrial domains. Explainability remains secondary,
with most studies focusing on accuracy, despite transparency being critical for
manufacturing decisions. Yet, in manufacturing contexts, transparency is critical
for trust and decision-making among engineers and quality managers.

This work advances the state of the art by combining:

– Automated drift detection and retraining mechanisms validated in realistic
production-like scenarios.

– Tree-based ML models that outperform linear alternatives for both classifi-
cation and regression tasks.

– An explainability layer using SHAP and natural language explanations to
bridge the gap between model outputs and actionable insights.

– An optimization module to suggest process adjustments, supporting quality
improvement and defect reduction.

This method addresses research gaps by providing an adaptable and inter-
pretable solution with high predictive performance for production environments.

3 Approach

In industrial manufacturing environments, predictive quality control heavily re-
lies on ML models to detect defects, forecast failures, and optimize processes.
However, the practical deployment of these models is challenged by concept
drift. In this section, a drift-aware framework is designed to ensure model ro-
bustness, efficiency, and interpretability in real-world production settings.
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3.1 Motivation and design principles

Concept drift can cause models with excellent initial performance to degrade
within days or weeks whenever the evolving nature of the process is unconsidered.

Continuous full retraining is often impractical in industrial settings. Retrain-
ing demands substantial computational resources, can interfere with ongoing
production, and requires extensive validation to ensure that model updates do
not inadvertently degrade performance. Thus, a drift-aware approach is essen-
tial, in order to balance adaptability with efficiency and to preserve historical
knowledge while remaining responsive to recent changes in production data.

This approach is guided by four key principles:

1. Robustness to drift: The system must identify both gradual and sudden
changes in the data distribution to avoid predictive performance degradation.

2. Computational efficiency: Updates should be performed without disrupt-
ing production processes, prioritizing incremental adjustments over full re-
training whenever possible.

3. Data retention and continuity: Historical data is valuable, and systems
must balance past knowledge with new information.

4. Interpretability: Industrial applications require transparent and explain-
able predictions to support decision-making and ensure trust in the system.

The model selected to address these requirements was Extreme Gradient
Boosting (XGBoost), a scalable gradient boosting framework introduced by
Chen and Guestrin [10]. XGBoost has become a standard choice for predic-
tive tasks on structured industrial data, offering a balance between accuracy,
efficiency, and robustness. Its sparsity-aware optimization, regularization mech-
anisms, and parallelized implementation enable efficient retraining while main-
taining high predictive power. Moreover, its compatibility with explainability
tools such as SHAP facilitates the interpretability required in manufacturing
contexts. These properties made XGBoost the most obvious candidate for sus-
taining long-term deployment in dynamic production environments.

3.2 Data flow and storage architecture

To achieve these objectives, a multi-tiered data storage architecture was designed
to distinguish the “state” of the data. The data flow is organized as follows:

– DB_Buffer: Temporary storage for the most recent production batch, typ-
ically containing at least 1000 samples. This database serves as the first
checkpoint for incoming data before it is validated and merged.

– DB_Recent: A curated repository of validated recent samples used for in-
cremental updates of the predictive models. This dataset provides a snapshot
of the most relevant production conditions.

– DB_Older: A historical archive that contains older samples. It provides
contextual information during full retraining, ensuring that the model does
not forget important patterns that may recur in production.
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This architecture supports flexible retraining, allowing the system to dy-
namically switch between incremental updates and full retraining based on the
severity of the detected drift.

3.3 Drift detection

Two techniques are used. The Kolmogorov–Smirnov (KS) test provides a
non-parametric measure of distributional change between buffered and recent
datasets. Following standard statistical practice [13], a significance level of α =
0.05 is adopted: a p-value below this threshold indicates a statistically significant
shift in feature distributions. The Wasserstein distance complements the KS
test by quantifying the magnitude of distributional change in a geometrically
interpretable way [14]. A threshold of 0.2 was determined empirically through
pilot experiments on production data, consistent with values reported in related
industrial drift monitoring studies [11].

Regarding batch size, a minimum of 1000 samples is required to ensure that
the statistical tests operate with adequate power. This value was calibrated
empirically based on production throughput at the target facility at the time,
ensuring that drift detection runs are both statistically reliable and operationally
feasible within a two-hour monitoring window. This value can and must be
changed whenever the production phase demands so.

If no drift is detected, the new data are integrated into DB_Recent, and an
incremental and warm-start retraining is triggered. Thus, the model continuously
adapts to small changes in production without unnecessary full retraining.

3.4 Strategies for model update

Warm retraining for minor drift When minor drift is detected, the system
performs incremental learning. The existing XGBoost model is updated using
the new batch of data, retaining prior knowledge through the boosting mech-
anism. Incremental updates allow the model to incorporate the latest trends
in production while avoiding computational overhead and downtime. Warm re-
training also ensures smoother model transitions, preventing abrupt changes in
predictions that could disrupt quality monitoring.

Full retraining for significant drift In cases of significant drift, two candidate
models are trained: one on the DB_Recent dataset and one on DB_Buffer.
Performance is evaluated on a hold-out validation set using metrics appropriate
for the task—Fβ score for classification and mean absolute error (Mean Absolute
Error (MAE)) for regression. This comparison determines whether the model
should be fully retrained or incrementally updated.

The system follows these two rules: (1) If the candidate model demonstrates
at least 10% improvement over the current model, DB_Recent is appended to
DB_Older, DB_Buffer is promoted to DB_Recent, and full retraining is per-
formed. (2) If performance gains are marginal, the datasets are merged, and the



6 Martins, Ferreira, and Fernandes

current model is updated incrementally. This strategy ensures that computa-
tional resources are used efficiently and that retraining occurs only when it is
truly beneficial for predictive performance.

3.5 Explainability layer

One of the most important requirements for industrial deployment is inter-
pretability. Using SHAP (SHapley Additive exPlanations) values, which measure
each feature contribution to a particular prediction, a post-hoc explainability
module was put into place. SHAP provides:

– Global feature importance: Identifying which production parameters
have the most influence on model predictions across all samples.

– Local explanations: Understanding the reasoning behind individual pre-
dictions, which is crucial for troubleshooting defects and performing root-
cause analysis.

By integrating SHAP into the workflow, engineers gain actionable insights,
allowing them to adjust process parameters proactively rather than reacting
solely to model outputs. This enhances both trust in the model and the overall
quality management process.

3.6 Optimization and feedback loop

The system also includes an optimization module that leverages model predic-
tions and SHAP insights to suggest process adjustments. This module operates
at the intersection of predictive quality and process engineering:

– Feature prioritization: SHAP values identify the critical variables that af-
fect defect probability, guiding engineers to focus on impactful adjustments.

– Process tuning suggestions: Based on historical trends and model out-
puts, the module recommends parameter adjustments, reducing defect rates
and stabilizing production.

– Feedback incorporation: Changes implemented in production are recorded
and used in subsequent retraining cycles, creating a closed-loop system for
continuous improvement.

This feedback mechanism helps the system predict and prevent defects, im-
proving efficiency and reducing waste.

3.7 Implementation considerations

Some practical considerations guided the implementation:

– Batch size and update frequency: Thresholds for retraining were tuned
based on production throughput and computational constraints. A minimum
batch of 1000 samples ensures statistical validity for drift detection.
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– Data validation: Automated checks for missing values, outliers, and incon-
sistent formats are performed before integration into DB_Recent, ensuring
high-quality training data.

– Computational resource allocation: Incremental updates are prioritized
on edge devices or local servers to minimize latency, while full retraining is
scheduled during low-production periods to reduce disruption.

Together, these implementation choices ensure that the framework remains
computationally feasible in production environments, while maintaining the adapt-
ability, interpretability, and knowledge retention required for robust deployment.

3.8 Summary of advantages

Our system bridges the gap between state-of-the-art predictive models and prac-
tical industrial deployment, ensuring adaptability, interpretability, and tangible
impact on manufacturing efficiency and product quality. It provides a compre-
hensive solution to predictive quality control in manufacturing:

– Resilience to drift: Automatic detection and adaptive retraining maintain
high predictive performance even in dynamic production environments.

– Operational efficiency: Incremental updates reduce computational load
and avoid unnecessary retraining.

– Knowledge retention: Historical data are preserved and used strategically
to prevent catastrophic forgetting.

– Interpretability and actionable insights: SHAP explanations allow en-
gineers to understand model decisions and optimize processes proactively.

– Closed-loop optimization: Recommendations based on model outputs
and feature importance are fed back into production, driving continuous
quality improvements.

4 Results

4.1 Classification performance

The classification experiments show a clear distinction between linear and tree-
based approaches in modeling the production data. Linear models consistently
underperform, as the relationships between features and target variables ex-
hibit strong non-linear characteristics. In contrast, XGBoost-based tree models
achieved substantially higher predictive performance across all evaluated met-
rics, highlighting their suitability for complex manufacturing environments.

Fig. 1 presents the performance of the best-performing tree-based classifier,
illustrating the trade-offs involved in threshold selection, where the Fβ score
is maximized while monitoring additional metrics such as precision, recall, and
specificity. The Fβ metric was deliberately configured to emphasize the reduction
of false positives, reflecting the critical operational requirement to avoid unnec-
essary interventions in the production line. Each point along the threshold curve
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provides insight into how model sensitivity can be balanced against operational
constraints, offering engineers practical guidance for real-world deployment.

The classification results reveal structured patterns in feature influence and
error distribution. Some features exhibited consistently high importance across
multiple validation splits, suggesting that these variables encode stable physical
relationships between production conditions and defect occurrence. This con-
sistency was observed even when minor batch-to-batch variations introduced
distributional noise.

The non-linear decision boundaries learned by XGBoost allow it to partition
the feature space in ways that linear models cannot, particularly in regions where
multiple features interact jointly to determine defect probability. Linear models
systematically underestimate defect risk in these interaction-dominated regions,
which explains their inferior recall and Fβ scores. This structural limitation of
linear approaches is not merely a matter of hyperparameter tuning: it reflects
a fundamental mismatch between the model family and the geometry of the
decision boundary in the production data.

Fig. 1. Classification Result

4.2 Regression performance

In regression tasks, linear models showed moderate effectiveness, suggesting that
a subset of the relationships between input features and target variables can
be approximated through linear dependencies. Nevertheless, XGBoost models
demonstrated superior performance, achieving lower error rates and exhibiting
more robust generalization across production batches. Fig. 2 depicts the re-
gression performance of the best-performing model, illustrating predicted versus
actual outputs and the residual distribution.

The regression analysis confirms that, while some linear patterns exist in the
dataset, tree-based models effectively capture complex interactions among fea-
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tures that linear models cannot. Residual analysis indicates that prediction errors
are distributed relatively evenly across the operational range, with no systematic
bias toward high or low predicted values. This uniform error distribution sug-
gests that the model generalizes well across different operating regimes, avoiding
the common pitfall of overfitting to the most frequent operating condition.

In contrast, linear models exhibited a characteristic pattern of underestima-
tion at high output values and overestimation at low values, consistent with their
inability to model the curvature present in the target function. The superiority of
XGBoost from its ability to iteratively correct residual errors through gradient
boosting, effectively approximating complex non-linear response surfaces that
arise from the interaction of multiple process variables. This robustness is valu-
able in cases, where ensuring consistent prediction accuracy across all process
conditions is critical for maintaining product quality and reducing defects.

Fig. 2. Regression Result

4.3 Retraining and drift handling

The proposed drift detection and retraining framework was validated through
controlled simulations and operational data monitoring. When only minor distri-
butional shifts were observed, the system correctly triggered warm start retrain-
ing, updating the model incrementally while preserving previously learned knowl-
edge. This approach avoided unnecessary computational overhead and minimized
disruption to production workflows.

Conversely, when significant concept drift occurred, the system successfully
identified the drift through statistical tests and initiated full retraining. In these
cases, two candidate models were evaluated on a hold-out validation set, and
the model with superior performance was deployed. The framework ensures that
models remain accurate over time.

Beyond mere detection, the framework allows detailed analysis of drift mag-
nitude and feature-level contributions. This capability provides engineers with
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actionable insights, highlighting which process parameters are most sensitive to
changes and may require additional monitoring or intervention. The adaptive re-
training strategy thus not only maintains model performance but also enhances
situational awareness within the production system.

4.4 Explainability and optimization

To improve transparency and ease actionable decision-making, SHAP-based fea-
ture attribution was applied to both classification and regression models. A
SHAP analysis-derived feature importance ranking example is shown in Fig. 3.
By visualizing the contribution of each variable to the model’s predictions, engi-
neers can identify process-critical measurements and understand the drivers of
potential defects. This insight supports root-cause analysis and informs targeted
process adjustments, increasing trust in automated predictive systems.

In addition, a large language model (LLM) was employed to generate nat-
ural language explanations of SHAP outputs and statistical metrics. This layer
of interpretability allows non-specialist users to understand model behavior and
rationale behind predictions. The natural language explanations ensure that pre-
dictive insights are accessible to quality managers and production engineers alike.

To illustrate the practical value of SHAP in this context, consider a scenario
where the model predicts an elevated defect probability for a given production
unit. The SHAP decomposition reveals that this prediction is driven primarily
by an abnormal reading in a specific sensor channel, combined with a process
temperature slightly above the nominal range. Without SHAP, an engineer would
only observe the high defect probability with no actionable information. With
SHAP local explanations, the root cause is immediately identifiable, enabling
a targeted intervention rather than a broad and disruptive process halt. This
capability is particularly valuable after drift-triggered retraining events, where
SHAP can reveal which feature distributions have shifted most significantly,
providing an interpretable bridge between statistical drift detection and process
engineering decisions.

Finally, an optimization module was incorporated to recommend operational
adjustments aimed at minimizing defect rates.

By simulating variations in input features and predicting their impact on
production quality, the system provides actionable guidance for process im-
provement. This proactive approach reduces reliance on costly trial-and-error
methods, supports continuous quality enhancement, and strengthens the overall
resilience of production processes.

4.5 Discussion of results

The integrated evaluation shows that combining tree-based models, drift-aware
retraining, SHAP-based explainability, and optimization feedback creates a co-
hesive framework for quality management. Classification and regression analyses
confirm that XGBoost tree-based models effectively capture complex non-linear
relationships in production data — relationships that arise from the interaction
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of multiple process variables and that linear models are structurally incapable of
representing. The performance gap between XGBoost and linear baselines was
most pronounced in classification tasks, where the Fβ score differential highlights
the cost of false positives in production contexts. In regression, the advantage of
XGBoost is reflected in lower MAE values and a more uniform residual distri-
bution, indicating better generalization across operating regimes. Explainability
tools and optimization modules translate predictive outputs into actionable op-
erational guidance, enhancing practical value in industrial settings.

Fig. 3. Shap Prediction

Collectively, these results indicate that the proposed approach not only achieves
high predictive performance but also provides a robust, interpretable, and op-
erationally relevant system. By maintaining model currency and transparency,
the framework supports informed decision-making and proactive interventions,
ultimately contributing to reduced defect rates, improved production efficiency,
and increased trust in automated quality control systems.

5 Conclusion

This paper presents an integrated ML pipeline for predictive quality in industrial
manufacturing, tackling concept drift and model interpretability. In dynamic en-
vironments, shifts in data distributions from material changes, sensor recalibra-
tion, or process updates can degrade model performance. The proposed system
uses drift detection, adaptive retraining, and tree-based models to maintain ac-
curacy against both gradual and sudden changes.

Experimental results confirm that XGBoost-based tree models substantially
outperform linear approaches in capturing the non-linear dependencies between
process variables and quality outcomes. The retraining framework effectively
balances computational efficiency and model adaptability, dynamically selecting
between incremental and full retraining based on drift severity, thereby preserv-
ing historical knowledge with minimal production disruption.

Explainability is addressed through SHAP-based feature attribution and nat-
ural language explanations, enabling engineers and quality managers to identify
the most influential process variables, support root-cause analysis, and make
data-driven decisions. The integrated optimization module further enhances the
framework by recommending realistic process adjustments that minimize defect
rates without resorting to costly trial-and-error methods.
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Overall, this work demonstrates that combining drift-aware retraining, inter-
pretable ML, and process optimization yields a robust, transparent, and adapt-
able solution for predictive quality control in industrial manufacturing. Future
research will explore hybrid architectures integrating tree-based and deep learn-
ing models, automated calibration of drift detection thresholds, and deployment
across diverse manufacturing domains to assess generalizability and scalability.
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