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Abstract. In high-end manufacturing, deep learning-based detection systems are gradually being used for automated quality
control. In order to create a fast, real-time defect detection system, a robust backbone network and a powerful data
preparation module were established in this study. The large intra-class variability, dynamic imaging environment, and strict
requirements for real-time inference are serious issues faced by current work in industrial defect detection. Geometric
transformations, photometric variations, and synthetic defect generation are types of data augmentation techniques that
can enhance the model's generalization ability. To ensure stable convergence and avoid overfitting, the model training will
use an adaptive learning rate scheduler, a composite loss function, and reasonable regularization methods. Architecture
optimization: Multi-scale feature fusion and anchor-free detection heads improve the sensitivity to sparse surface defect
recognition. Using the same method across multiple industries, each with its own products and defects. According to the
experimental results, the average accuracy, recall rate, and processing speed of these two frameworks are all above average.
The new pipeline runs stably on GPU servers and in edge cases. By using error and ablation analysis, the individual impact of
the new components was revealed, providing a reference for future research. In summary, the aforementioned research
indicates that the integrated framework can meet the high demands of large-scale automated quality inspection in modern
manufacturing.
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Introduction

The application of technologies such as intelligent technology, the Internet of Things (IoT), and big data analytics
has recently transformed global production [1]. Intelligent manufacturing systems based on Industry 4.0 achieve
high efficiency, flexibility, and reliability through cyber-physical mechanisms and extensive automation [2]. With
the increasing demand for customized products and high quality, manufacturers are paying more and more
attention to defects. Therefore, we are striving to improve product quality and competitiveness while reducing
costs [3]. Accurate testing can prevent products from wasting resources due to quality issues and being released
to the market [4]. Due to the large number of personnel, human errors, and low scalability, manual inspection
is still widely used in certain areas [5]. Rule-based algorithms and traditional machine vision can be partially
automated, but they cannot adapt to complex real-world environments and various dynamic or defect
backgrounds [6]. With the development of modern factories, many new products have emerged, and these
products need to meet various lighting requirements and have high-speed operation capabilities. The demand
for automated, reliable, real-time inspection equipment is increasing [7]. Many companies have already begun
using intelligent vision technology to improve throughput, accuracy, and robustness [8].

The development of convolutional neural networks and deep learning has led to the introduction of many new
defect detection methods [9]. New deep models achieve strong robustness to complexity and noise, as well as
powerful feature extraction capabilities [10]. Among them, the YOLO (You Only Look Once) series is highly
praised in the industry for its fast detection and single-step detection [11]. The early versions of YOLO had some
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shortcomings; they were unable to detect small, frequent, or rare defects, and could be unreliable in complex
visual environments in factories [12]. With the development of object detection technology, multi-scale feature
processing and various network components have recently been improved [13]. YOLOVS is the latest version,
with improvements in structure and training enhancing detection accuracy, speed, and generalization ability
[14]. The aforementioned research indicates that to improve the performance of different industrial surfaces,
data augmentation and adaptive training are necessary [15].

After some improvements, high defect variability, visual domain transfer, and strict real-time requirements are
still present in production. This paper introduces an all-weather real-time defect detection system based on
YOLOvS8 for smart manufacturing. Improved data augmentation and training methods to enhance the model's
robustness; designed an optimized structure to handle small defects more flexibly while maintaining high
inference speed; and conducted comprehensive testing in accordance with industry standards to demonstrate
the improved accuracy and generality. The following section will briefly introduce the current detection methods
and their improvements to YOLOvS8, detail the enhancements made to this project, present comprehensive
experiments, and discuss its applications in industrial settings.

Review of Defect Detection Algorithms

Conventional Methods

Fixed-rule machine vision systems or manual visual inspections are the primary methods for detecting defects
in production. Historically, human inspectors have checked for defects such as scratches, cracks, or improper
assembly in components. Sometimes, light sources and magnifying glasses are used to improve detection
accuracy. Although workers can adapt to minor differences in production line and environmental changes, this
method is limited by subjectivity, fatigue, and inconsistency as the production line becomes more complex and
high-speed [16]. The scope of manual inspection is limited, and due to inconsistent attention or cognitive
overload, systematic errors can also occur.

To address the aforementioned issues, traditional machine vision has begun using rule-based algorithms (such
as template matching, threshold processing, and edge detection) to replace some manual work. These systems
inspect changes in geometric features and intensity to detect potential defects. They simultaneously improve
speed and repeatability [17]. Traditional methods have some drawbacks, so feature selection and environmental
control need to be precise. Change the lighting, angle, or other positions of the object to reduce its recognition
rate. The aforementioned methods may be too unflexible if there are various backgrounds, types of defects, or
very small defects in the manufacturing environment [18]. To meet the demands of high-throughput modern
production lines, a more intelligent and flexible detection solution is being sought.

Deep Learning-Based Approaches

Deep learning is used to address manufacturing defects. Deep convolutional networks reduce the need for
manual feature engineering by autonomously learning multi-scale, hierarchical visual features from a large
number of labeled images [19]. The aforementioned model can be used for new products from different batches,
uneven surface textures, and difficult lighting conditions, and is capable of recognizing subtle details in complex
visual environments.

Currently, industrial applications typically use fast single-shot detection neural networks, which directly output
localization and classification results in a single computation. Two-stage architectures, which first generate
region proposals and then perform further analysis, are also frequently used. Real-time detection pipelines are
usually more sensitive to low-latency detectors, and high-accuracy applications require more complex models
[20]. Domain adaptation and attention mechanisms continuously expand the range of detection robustness,
helping the system perform well in various production environments [21].

Deep learning has achieved some positive results, but there are still some issues. In actual industrial
environments, creating a large labeled dataset for rare defect patterns is a challenge. The model may overfit to
specific products or environments. Therefore, when new defects appear, the model's generalization ability will
be affected. Since industrial deployment often requires optimizing speed on edge devices, model compression,
guantization, and pruning are frequently used operations. Recently, some effective training methods and data
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augmentation techniques have been proposed, which have greatly improved the generalization and practical
applicability of the models [22].

The YOLOvV8 Framework

YOLOVS8 is at the forefront of real-time industrial vision inspection and has made improvements in feature
modeling and output prediction. A modular network design was adopted, improving multi-scale detection
capabilities through cross-stage partial connections and enhanced feature fusion layers, thereby increasing the
ability to identify small or dense defects. To improve accuracy while maintaining inference speed, the latest
version uses a new loss function and extended spatial pooling [23].

At the same time, increasing the diversity of image backgrounds and surface features is a new method for
generating training data. Due to the ease of deploying this model, such as on low-power edge devices and
traditional GPU servers, manufacturers will widely apply it [24]. In recent years, scholars and practitioners
involved in the development of next-generation Al-based quality inspection systems have shown great interest
in YOLOVS8 because it enhances real-time processing, improves detection accuracy, and increases deployment
flexibility.

Proposed Algorithmic Enhancements

Advanced Data Augmentation Techniques

Data augmentation techniques are the foundation of robust industrial defect detection. These techniques
increase the diversity and scale of the training data. The workflow systematically uses geometric, photometric,
and compositional transformations specifically designed for industrial image design [25], due to the lack of
labeled defects and inconsistencies in the factory environment.

The geometric augmentation submodule randomly moves all input items in space. Each augmented image x' is
generated by multiple transformations, which can be modeled as:

x' = Tcrap (Taff (Trot (X; Gr); ea); ec) Eq-(l)
where T, denotes rotation by angle 6,,, Tsf applies an affine transformation with parameters 6,, and T,
conducts cropping controlled by variable 8.. Combining the aforementioned geometric operations can simulate
various real-world issues in data augmentation, such as skewing, alignment errors, scale changes, and positional
variations. By increasing the effective sample variance, the model can become more sensitive to random spatial
fluctuations in the generated data.

Photometric enhancement can alter pixel intensity and simulate various lighting conditions. The detailed steps
are as follows:

Tphoto X)=ax+L+n Eq.(2)
where a controls contrast, 8 adjusts brightness, and n ~ N (0, 52) models’ sensor or background noise. The
aforementioned processing reduces light variations and equipment noise.

It is a synthetic defect injection module that can generate complex defect patterns. The calculation of the
augmented sample is as follows: for a given defect-free input x, and the generated or sampled defect pattern d
and binary mask M:

Xqug =X -(1—M)+d-M Eq.(3)
The position and shape of M come from statistical data in the real world, and d can be generated through
program graphics or extracted from an organized real defect patch library.

The cumulative result of the aforementioned augmentation strategies is the creation of an extended augmented
dataset:

D = U (T(x),y) | T €T} Eq.(4)
(X, Y)ED train
Among them, T represents geometric, photometric, and synthetic transformations.
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The combination of these multiple pipelines improves the class imbalance problem, enhances generalization
under domain transfer, and significantly increases the recall and accuracy of detection in previously unseen
production scenarios [26].

Training Pipeline Optimization

To improve the performance of the deep defect detection network, a powerful model and abundant data are
needed. In addition, it is necessary to establish a comprehensive adaptive training plan. By repeatedly testing,
set appropriate hyperparameter combinations, such as learning rate, batch size, and momentum. The goal is to
find the best balance between convergence speed and training stability. Initial training can be accelerated
through cyclical or cosine-based learning rate scheduling, gradually decreasing as the model converges, as
shown below:

1 it
Nt = NMmin + E(nmax - 7')min) 1+ cos ( ) Eq-(5)
max
where N min, Mmax are the learning rate bounds, and T}, .« is the epoch limit.

The comprehensive loss, bounding box localization, category prediction, and robustness to class imbalance are
the objective functions for training. To address the issue of class imbalance, focal loss can be used to focus more
on hard-to-classify samples and underrepresented classes. All regularization methods can be used, such as
clipping, batch normalization, and dropout, to enhance generalization and reduce overfitting [27].

To avoid excessive computation and overfitting, early stopping criteria have been added. Specifically, during
each training epoch, the validation loss or mean Average Precision (mAP) will be monitored. If the improvement
over several consecutive checkpoints falls below a certain threshold, training will be stopped to prevent
overfitting and resource wastage [28].

Transfer learning can also be used to initialize the detection backbone with models pre-trained on large-scale
source datasets, selectively fine-tuning them in the target industrial domain. Staged adaptation can maintain
good low-level network features and quickly identify small or rare defect features in cases with limited target
data.

Due to the strategic optimization of these modules and the pipeline, strong deployment capabilities, faster
convergence speed, and high detection accuracy rates have been achieved in many industrial inspection
applications.

Model Architecture Improvements

A large amount of research has been conducted to build a reliable architectural foundation for achieving high-
precision, low-cost detection systems, while also meeting the real-time requirements of industrial environments.
By using extended multi-scale spatial pyramid pooling and depthwise separable convolution operations, the
backbone network can extract high-level contextual information and fine-grained geometric structures. When
the input feature map of stage L is X, it can be expressed as a multi-scale pooling process:

Y® = Concat (Pooll(X(l)), Pool,(x®), ...,Pooln(X(l))) Eq.(6)
At the i-th scale, Pool; performs pooling. Then, the Concat operator concatenates the representations of each
scale for further processing.

Cross-stage partial networks are added to enhance the stability and generalization ability of learning. They use
parameters effectively and reduce the vanishing gradient problem. In the k -th block, the cross-stage fusion
output can be represented as:
k k-
Z0 = g(W, - X550 + Wy - XS +b) Eq.(7)
where W;, W, are learnable weights, b is a bias term, and ¢ (-) represents a non-linearity such as Swish or Leaky
RelLU.

The detection head module is optimized by adopting an anchor-free regression design, where bounding box
coordinates (x,y,w, h) are predicted directly from the high-level feature maps. The regression output for a
target location (i, ) is given by:
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[P, Dy, Dw D8] = F(F ) Eq.(8)
with F; ; being the feature vector at spatial position (i, j) and F () a lightweight regression network.

Improved Model efficiency is also achieved by adding conditional computation paths. The computational graph
at inference is adaptively activated according to the complexity of the input, and this is defined by the gating
function G:

Cout = G(l/J(X)) O Hheavy (X) + [1 - G(l/J(X))] O Hlig[zt(X) Eq-(g)
where Hpg,, and Hjg, represent deep and shallow network branches, respectively, and O denotes
elementwise product.

The overall system structure is shown in Figure 1. Sensor data undergoes normalization, multi-scale feature
transformation, and parallel inference in sequence, followed by rapid defect reporting. The design of the unified
pipeline aims to improve reliability and reduce end-to-end processing time.

‘( Pre-processing
L (Boxing, Normalization)

Y

Post-processing
(Non-maximum
Suppression)

Raw Image Pre-processing Detection
Input Normalization) Network

A

‘(Output Labels/Markers
L(Detected Defect Regions)

Figure 1. Overall system architecture for real-time defect detection pipeline.
To realise high-speed operation of the inference computation under different load conditions in the factory,
mixed-precision arithmetic is used. The incoming data stream is first quantised:

X = Quant(X,b) Eq.(10)
where Quant (-, b) indicates quantization to b-bit precision (e.g., b = 16 for FP16, b = 8 for INT8). Batch-wise
asynchronous execution is used to reduce the latency penalty further. The total accumulated per-frame
processing delay is given by:

Ttatal = Tlaad + Tpre + Tinf + Tpast Eq-(ll)
Each T, term corresponds to the time spent on data acquisition, preprocessing, inference, and post-processing,
respectively.

As shown in Figure 2, the entire process includes data collection, data format standardization, using the
reasoning module, and finally defect localization and immediate feedback to the quality control system.
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Figure 2. Process flow of the industrial defect detection system, from acquisition through inference to defect reporting.
Practical Production Requires the Feature of Transferability. First, the backbone parameters 6 are pre-trained
to minimize a large-scale general loss:

0" = arg minE ), [£generas (x,y; 0)] Eq.(12)
Fine-tuning then adjusts the network with industrial data through:
6t = arg mginIE(x’,y')~Dmd (L defece (X', y"5 0)] Eqg.(13)
where D, and Dj,q represent the pretraining and industry-specific data distributions, respectively.
Detection F1 score is a performance indicator shown as follows:

Precision - Recall
Eq.(14)

F,=2-
! Precision + Recall
Based on the precision and recall of true positives, false positives, and false negatives predicted by the system.

According to the actual deployment, the new structure significantly improves the precision and recall of fault
detection, especially for small or unusual defects. The extended design can be used for rapid incremental
retraining, modifying changes in the production line without resulting in a high false negative rate or reducing
overall processing speed. These innovations establish a new practical benchmark for real-time industrial defect
detection, laying the technical foundation for future expansion in complex manufacturing environments [29].

Results and Analysis

Benchmark Datasets and Evaluation Metrics

In this section, to rigorously evaluate the proposed defect detection framework, a specially prepared industrial
dataset was used.

Surface-Defect-101 collected detailed expert annotations of various defect types and high-resolution images
from actual production lines. The NEU-Surface-Defect and GDXray-Castings datasets can be used to evaluate
cross-domain robustness under different imaging modes and defect types. To simplify and ensure accuracy, the
main dataset is also presented here in the form of its training, validation, and test splits. Table 1 summarizes the
key properties of all industrial defect datasets involved in this study.

Table 1. Key properties of industrial defect datasets

Name Images Classes Annotation Mean_Defects_Per_Image
Surface-Defect-101 7500 6 Polygon 2.1
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NEU-Surface-Defect 1800 6 BoundingBox 1.6
GDXray-Castings 2100 5 Mask 1.9
SD101-Train 5250 6 Polygon 2.1
SD101-Validation 750 6 Polygon 2.1
SD101-Test 1500 6 Polygon 2.1

Multiple loU thresholds have been set for the mean Average Precision (mAP). Use other precision and recall
metrics, such as inference latency, as supporting metrics.

The dataset is collected and annotated under various conditions, including different levels of defect severity.
Therefore, a comprehensive evaluation of the model's discrimination ability and practical application can be
conducted. The foundational dataset supports comprehensive, fair, and reproducible experiments.

Comparative and Robustness Experiments

Based on previous stability and efficiency tests, this paper will further compare several well-known industrial
defect detection technologies. The algorithm must be accurate and capable of reasonably handling various
imaging environments and new defect shapes.

Many experiments have shown that the proposed model outperforms other popular detection models, such as
Cascade R-CNN, Faster R-CNN, YOLOvV5, YOLOVS, and EfficientDet, on all the aforementioned datasets. To ensure
fairness, the training and testing parameters should be consistent, and the data partitioning and augmentation
methods should also be consistent. The strategy for transfer learning is similar.
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Figure 3. Comparison of detection algorithms: (a) mAP boxplots for Ours, YOLOv8, and Faster R-CNN; (b) Training mAP curves of all
methods over epochs; (c) PR curves for three defect categories

To evaluate the performance of the proposed method, this study uses Faster R-CNN and YolOv8 as reference
detectors for comparison. All models were trained and tested using the same dataset and hardware parameter
settings. As shown in Figure 3(a), the mAP distribution from 10 independent experiments indicates that the
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method is more accurate and less prone to fluctuations compared to other methods. This method is both more
stable and more reliable. Figure 3(b) shows the training mAP curves of the three models. More accurate than
YOLOv8 and Faster R-CNN, with faster convergence speed, indicating further improvements in network
architecture and optimization strategies. Figure 3(c) shows the precision-recall curves for three representative
defect categories. The proposed method outperforms other methods in all categories and shows improvement
in the high recall range. It has reliability and broad applicability in a wide range of industrial defect detection
scenarios.

Industrial defect inspection requires not just accuracy but also efficiency for real-time deployment. Figure 4(a)
presents comparative boxplots of mAP distributions for all detection methods across the three datasets. The
proposed system demonstrates both higher averages and lower performance variance, underscoring its stability
and reliability for industrial rollout. Figure 4(b) shows FPS (frames per second) and inference latency measured
on both desktop GPUs and embedded platforms (e.g., NVIDIA Jetson), confirming that the proposed framework
supports stable real-time detection. The architecture achieves over 40 FPS on edge-class hardware. Additionally,
as shown in Figure 4(c), model quantization from FP32 to FP16 or INT8 introduces less than 2% relative drop in
mAP, while dramatically improving inference speed and reducing memory consumption—key for cost-effective
industrial integration.

(a) Model Size (b) Inference Speed
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70 4 B YOLOVS
35 1
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Figure 4. (a) Boxplots of mAP across methods and datasets; (b) Inference speed (FPS) of all methods on high-performance and edge
hardware; (c) Effect of model quantization (FP32, FP16, INT8) on mAP and speed

Carefully examine the robustness of the model and systematically degrade the input data. Figure 5(a) shows the
accuracy and mAP curves with increasing Gaussian noise and salt-and-pepper noise. All methods showed a
performance decline, but the drop in the proposed pipeline was relatively small, significantly lower than other
detectors. Training employed robust photometric enhancement and regularization, which led to the
aforementioned stability.
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Research elsewhere has shown that artificial shading of plants and changes in the surrounding environment
often occur. Figure 5(b) shows the recall and mAP after changes in lighting, and the proposed method still
maintains relatively high and stable performance compared to the baseline. This further demonstrates that
comprehensive data augmentation and illumination normalization in preprocessing are effective.

Generalization capabilities were validated using a challenging holdout scenario: test sets comprising defect
morphologies and textures not present in the training set. As plotted in Figure 5(c), the proposed model achieves
a mAP of 72.1% on these truly novel classes, outperforming all other methods by a margin exceeding 5
percentage points. This result is particularly evident for compound defect types and visually ambiguous “mixed-
mode” flaws, supporting the claim of strong cross-class adaptability.

(a) Robustness to Noise (b) lllumination Robustness
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Figure 5. (a) mAP under increasing levels of input noise, indicating robustness to signal degradation; (b) Recall and mAP across varying
lighting conditions; (c) Generalization mAP on truly novel, unseen defect morphologies

Figure 6 shows some specific evaluations. Figure 6(a) shows the corresponding scores for two thresholds. This
indicates that the technique achieves high recall and accuracy over a wide range of thresholds. Figure 6(b) shows
a comparison of the F1 scores of different well-known detection algorithms, with this method achieving the
highest score. As shown in Figure 6(c), this method has good general detection capabilities and outperforms
other methods in terms of the Receiver Operating Characteristic (ROC) curve.
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Figure 6. Additional quantitative analysis of model performance: (a) Effects of different score thresholds on mAP and recall; (b) F1-score
comparison across detection algorithms; (c) Receiver operating characteristic (ROC) curves for various methods

According to the above two analyzes, the new method has made significant progress in defect recognition
accuracy compared to the previous top algorithms. Improved mAP, recall, precision, inference speed, and
resistance to environmental interference. It meets the needs of large-scale intelligent manufacturing
deployment. By applying high-performance networks, strong augmentation, composite loss engineering, and
adaptive system-level integration, it demonstrates high accuracy and operational stability.

Ablation Studies and Error Analysis

Conducted ablation studies and error analysis to determine the relative contribution of key innovations and
further understand the remaining defects in the proposed process. For comparison, all ablation experiments
were conducted under the same experimental conditions on the Surface Defect-101 dataset.

In the ablation protocol, major enhancements were selectively deactivated, and performance was re-assessed
using the same train—test protocol as in the main experiments. The results are summarized in Table 2. When
advanced data augmentation techniques were disabled, a decrease of 3.8% in mAP was observed, with
significant drops in recall for minority and small-scale defect classes. Excluding the synthetic defect generation
resulted in a pronounced recall decline, especially on rare or visually ambiguous defect types, confirming its
necessity for class balance. Removing the composite loss (loU+focal) leads to an increase in false negatives and
makes it difficult to distinguish between similar categories. The main impact of eliminating the adaptive
reasoning module is the inference delay, especially in high-complexity environments, but there is no significant
loss in accuracy. Figure 7(a) shows the changes in mAP under the ablation variants, and Figure 7(b) shows the
decrease in robustness as the noise level increases.

Repeated mistakes indicate similar patterns. Confusion often arises between visually similar defect categories,
such as contamination marks and faint scratches in low light. Due to very small or faint defects being close to
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textured backgrounds, they are often overlooked. The surface texture is complex, and some images will still have
some false positives. Figure 7(c) is the confusion matrix for this category. A deeper analysis of the activation map
indicates that the model may have given less attention to areas with weaker edges. Another possible reason is
that the background pattern received too much attention, leading to the inability to recognize certain objects
and the over-segmentation of others.

0.67 (a) Ablation Study (b) Noise Robustness (Ablation)
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Figure 7. (a) mAP changes in ablation variants; (b) Robustness under input noise; (c) Confusion matrices for major defect classes

Therefore, the following improvements can be made to enhance it. By increasing high-quality annotated data
for rare defect types, enriching the defect template library for synthesis, and improving the loss function for
category disambiguation, the number of detected fault cases can be reduced. Continuous learning based on the
latest production line data will help improve the system's generalization and fault tolerance capabilities. The
effectiveness of these enhancements is further demonstrated by the results of the ablation experiments shown
in Table 2.

Table 2. Ablation experiment results for main modules.

Configuration mAP (%) Recall (%) Precision (%) FPS

Full Pipeline (Ours) 85.6 88.7 86.1 41.2

—w/o Adv. 81.8 83.4 82.3 40.8
Augmentation

—w/o Synthetic Defect 80.5 76.8 85.4 41.0

Gen
—w/o Composite Loss 83.2 80.7 84.1 41.1
— w/o Adaptive Inference 84.9 88.1 85.0 37.5

These ablation and error analyze support the reasons for the aforementioned significant improvements, identify
other performance bottlenecks, and provide clear directions for future enhancements and large-scale industrial
reliability.
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Conclusion

This article introduces a system for real-time industrial defect detection by using advanced data augmentation
techniques, optimized training processes, and new efficient model architectures. In order to improve the
generalization ability and robustness to rare or ambiguous defects, some new methods are hierarchical
enhancement strategies. These methods integrate various types of defect transformations, such as geometric
transformations, photometric modifications, and synthetic defect construction. In order to improve detection
accuracy and the stability of real-time operations, a composite loss function and an adaptive reasoning module
were added.

Extensive experimental research was conducted on various challenging datasets across multiple industries to
demonstrate that the new technology outperforms the existing best technologies. The model's inference speed,
recall rate, and mean accuracy have all significantly improved; additionally, it shows relatively strong adaptability
to changes in lighting, noise, and various other factors. According to qualitative analysis, the system is capable
of detecting various types of small-scale or complex issues, has a low false positive rate, and performs excellently
in new problem contexts. A comprehensive ablation and error analysis of all new features was conducted to
help determine their specific effects and provide open-source contributions for system design.

The second objective of this study is to provide assistance to enterprises. The system meets the high demands
for accuracy, efficiency, and stability, while also performing well in time series data drift and production
environments. The label accuracy is very good, reducing the costs of manually collecting sample materials, and
making it easier to make adjustments on the production line.

In the future, more research will be conducted on continuous learning in dynamic environments, expanding the
synthetic defect database, and deeper integration with the workshop feedback system. In modern mass
production, the proposed solutions will enhance the efficiency and stability of automated quality control
systems.
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