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ABSTRACT

Industry 4.0 aims to address the issues of low accuracy and efficiency in the
identification and positioning of components during machine tool processing and
assembly. To this end, a novel component identification and positioning algorithm,
LAI YOLOVS, has been proposed. This algorithm integrates lightweight networks,
attention mechanisms, and information fusion techniques. Initially, the convolution
layers in the YOLOVS network structure are optimized for lightweight processing,
effectively reducing the number of neural network parameters and floating-point
operations, thereby decreasing memory usage and enhancing real-time detection
speed. Subsequently, an attention mechanism is introduced into the backbone
network to improve the specificity of feature extraction and enhance the salience of
detected objects. Finally, a cross-channel information fusion mechanism is
incorporated into the feature fusion network to boost feature detection capabilities.
Experimental results indicate that compared to the original algorithm, the improved
LAI YOLOVS algorithm reduces the number of parameters and network layers by
approximately 45.98% and 28.46%, respectively, decreases the floating-point
operations by about 55.82%, reduces memory usage by 15.51%, and shortens
training time by around 32.27%. Additionally, the training accuracy reaches
96.80%, training coverage reaches 95.01%, real-time detection efficiency improves
to 100.739 FPS, and detection accuracy achieves 98.62%.
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Introduction:

As global manufacturing continues to evolve, the concept of Industry 4.0 has gradually transitioned from theory to
widespread practical application. Known as the Fourth Industrial Revolution, Industry 4.0 is characterized by the
utilization of internet technologies, smart devices, and big data analytics to enhance production efficiency and
flexibility, reduce resource consumption, and achieve highly personalized production methods. In this context, the
automation and intelligence level of machine tool processing and assembly, a core segment of manufacturing,
directly impact the optimization and upgrading of the entire industry chain.

The demand for high precision and efficiency arises from the continuous market-driven requirement for improved
product quality and production efficiency. Precision machine tool assembly is fundamental for the accurate
machining of complex components, directly affecting the performance and quality of the final product. Traditional
machine tool assembly relies on skilled workers for manual operations, which are not only inefficient but also
struggle to ensure consistency between products. As product life cycles shorten and customer demands diversify,
traditional methods can no longer meet the needs of modern manufacturing.

The era of Industry 4.0 presents transformation and upgrading challenges for machine tool processing and assembly.
Firstly, machine tools need to achieve higher machining precision and faster response times. This requires not only
hardware optimization but also innovations in software and control systems. Secondly, the core of intelligent
manufacturing lies in the integration and analysis of data. Through real-time data monitoring and analysis, machine
tool assembly can achieve predictive maintenance and automatic fault diagnosis, thereby reducing downtime and
improving production efficiency.

Moreover, the application of automation technologies enables machine tool assembly to automatically replace and
adjust parts without human intervention, significantly enhancing the flexibility and efficiency of production lines.
For instance, using vision recognition systems and machine learning algorithms, machine tools can automatically
identify the type and position of machining parts, achieving rapid and accurate assembly. This not only reduces
human errors but also shortens production cycles, improving the economic efficiency of the entire production
system.

Against this technological backdrop, the development of the LAI YOLOVS5 algorithm aims to address the issues of
low recognition and positioning accuracy, as well as inefficiency, in machine tool processing and assembly. This
algorithm, through lightweight network design, reduces the number of model parameters and computational
complexity, making it more efficient to operate in resource-limited industrial environments. Additionally, the
introduction of attention mechanisms and information fusion technology enhances the algorithm’s ability to
recognize component features, thereby improving assembly precision and speed.

In summary, Industry 4.0 not only drives the transition of manufacturing towards intelligence and automation but
also brings unprecedented development opportunities for machine tool processing and assembly. Through
technological innovation, various issues present in traditional manufacturing can be effectively resolved, achieving a
qualitative leap in the manufacturing industry. The development and application of the LAl YOLOVS algorithm is a
significant advancement in improving the precision and effectiveness of machine tool processing and assembly in
the era of Industry 4.0.

In the context of global manufacturing's ongoing progression towards high levels of automation and intelligence,
traditional machine tool processing and assembly techniques face a series of challenges, particularly in improving
production efficiency and ensuring machining accuracy. Current industry trends emphasize enhancing precision and
speed of machining while maintaining high flexibility. This demand has led to an urgent need for advanced
intelligent recognition technologies, especially for the rapid identification and precise positioning of parts in
complex machine tool operating environments. Addressing this demand, this study focuses on the improvement and
optimization of YOLOVS, a widely-used deep learning model in object recognition, and proposes the LAI YOLOvVS
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algorithm. The aim is to address the issues of low part recognition accuracy and inefficiency in traditional machine
tool processing and assembly.

The main problems in machine tool processing and assembly include difficulty in part recognition, inaccurate
positioning, and long response times. These issues directly affect assembly quality and production efficiency,
thereby impacting the effectiveness of the entire production chain and the economic benefits of enterprises. In this
context, the introduction of intelligent algorithms for automated recognition and positioning is of paramount
importance. Intelligent vision recognition algorithms, particularly those based on deep learning, are considered
effective tools for solving the above problems due to their high efficiency and accuracy in image recognition.

However, existing deep learning models often face issues such as high computational resource consumption and
long response times in practical applications, which is particularly pronounced in resource-constrained industrial
settings. Moreover, these algorithms often struggle to achieve ideal recognition and positioning performance in
complex or variable production environments. Therefore, developing a lightweight, efficient, and highly adaptable
intelligent algorithm is crucial for enhancing the automation level and production efficiency of machine tool
assembly.

The LAI YOLOVS algorithm is based on the original YOLOVS algorithm, incorporating a series of innovative
designs. The specific innovations include:

Lightweight Network Design: By streamlining convolutional layers and parameters, the LAl YOLOvVS5 algorithm
significantly reduces the model size and computational requirements. This is achieved through the application of
more efficient convolution operations, reducing redundant feature map outputs, and optimizing the network
architecture. This not only allows the algorithm to operate on resource-limited industrial equipment but also shortens
model training and inference times.

Introduction of Attention Mechanisms: The backbone of the network incorporates attention mechanisms, which
enhance the model's ability to learn important features, thereby improving the accuracy of part recognition and the
prominence of target objects. By weighting features, the network focuses more on information useful for recognition
tasks, reducing background noise interference.

Cross-Channel Information Fusion Mechanism: During the feature fusion stage, LAl YOLOV5 optimizes
information flow and feature integration through a cross-channel information fusion strategy. This mechanism
integrates features at different levels, improving the efficiency of feature utilization and enhancing the recognition
ability of diverse objects in complex scenes.

Through these innovations, LAI YOLOv5 demonstrates excellent performance in the field of machine tool
processing and assembly. Its structural optimization makes the algorithm suitable for a broader range of industrial
application scenarios, including environments with stringent real-time and computational resource requirements.
Experimental results show that the algorithm significantly improves processing speed and resource efficiency while
maintaining high recognition accuracy, effectively advancing the development of automation technology in machine
tool assembly.

2 Related Work

In traditional manufacturing environments, machine tool processing and assembly are critical stages in the
production process, directly affecting product quality, production efficiency, and cost control. However, these
traditional methods have several limitations that have become increasingly apparent with changing market demands
and technological advancements, severely constraining the further development of the manufacturing industry.

Traditional machine tool processing and assembly heavily rely on the operations of skilled workers. This high
dependence on manual production not only results in low efficiency but is also susceptible to variations in operator
skills, experience, and physical condition, leading to inconsistent production quality. Worker fatigue and errors can
cause product quality issues, increasing the rates of scrap and rework. Additionally, the repetitive and monotonous
nature of manual operations fails to meet modern production requirements for efficiency and flexibility.
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Ensuring machining precision and repeatability is a continuous challenge in traditional machine tool assembly. The
assembly precision of mechanical parts is directly related to the performance and lifespan of the product. In manual
or semi-automated assembly lines, the lack of precise control means that each assembly may differ slightly, which is
unacceptable for products requiring extremely high precision, such as aerospace components. Additionally, factors
such as machine wear and temperature variations can affect machining precision, and these factors are difficult to
monitor and adjust in real time in traditional setups.

The efficiency of traditional machine tool assembly is often limited by the constraints of equipment and technology.
Loading and adjusting machine tools are typically time-consuming and complex, especially when producing a
diverse range of products. Frequent mold changes and adjustments significantly reduce production efficiency.
Moreover, traditional production lines are not flexible, showing slow responsiveness to rapid adjustments in
production volumes, which fails to meet the fast-changing market demands.

Although automation technology has been applied in many manufacturing sectors, the level of automation and
intelligence in many traditional machine tool processing and assembly areas remains low. The absence of
automation means that production efficiency and quality control still rely on manual operations and experiential
judgment, limiting the improvement of production capacity and the reduction of costs. Simultaneously, the lack of
intelligent tools such as real-time data analysis and monitoring systems hinders data-driven optimization and
decision support during the production process.

Safety is a significant concern in traditional machine tool operations. Operating machine tools and performing
physical assembly work pose potential safety risks, particularly in high-speed, high-temperature, or high-pressure
environments. Additionally, with changes in the global labor market, the reliance on a large number of skilled
workers leads to rising labor costs, especially in economically developed regions. The increasing labor costs make it
difficult for traditional manufacturing to maintain cost competitiveness.

In conclusion, traditional machine tool processing and assembly methods exhibit significant limitations in terms of
precision, efficiency, flexibility, automation, and safety. These limitations not only affect production efficiency and
product quality but also hinder an enterprise’s ability to respond to market changes. Therefore, with technological
development, seeking new technical solutions to overcome these limitations and enhance the performance and
efficiency of machine tool processing and assembly has become a critical direction for the advancement of the
manufacturing industry.

YOLOVS5 (You Only Look Once version 5) is a popular real-time object detection system widely applied in
industrial fields due to its superior speed and accuracy. As the latest iteration of the YOLO series algorithms,
YOLOVS5 inherits the efficient performance of its predecessors while further optimizing model architecture and
algorithm efficiency, making it particularly advantageous in real-time industrial vision detection.

The YOLOvVS network architecture is based on convolution neural networks (CNN) and incorporates several
optimizations to enhance detection speed and accuracy. Key features include: Lightweight Model: YOLOVS
employs model compression and parameter pruning techniques to reduce complexity and computational resource
requirements. This is particularly important in industrial applications where resources are often limited and high
processing speed and real-time performance are crucial. Cross-Scale Feature Fusion: YOLOvVS enhances small
object detection capabilities through cross-scale feature fusion techniques such as PANet (Path Aggregation
Network). This method effectively integrates features from different scales, improving the model's ability to
recognize objects of various sizes. Adaptive Anchor Box Calculation: Unlike earlier versions, YOLOVS performs
automatic clustering analysis of target sizes in the dataset during the initial training phase to generate optimal anchor
boxes. This improvement increases the model's adaptability and accuracy in specific application scenarios.
Bounding Box Regression Loss: YOLOvVS uses CIOU loss, a loss function that considers the overlap area of
bounding boxes, the distance between their centers, and aspect ratios, resulting in better localization precision during
model training.
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Due to its efficient performance and good scalability, YOLOVS is applied in several industrial areas: Manufacturing
Visual Inspection: In manufacturing, YOLOVS is used to automatically detect product quality issues, such as defects
in component assembly and surface flaws. By monitoring product quality in real time on production lines, YOLOVS5
helps reduce the need for manual inspections, thereby improving production efficiency and product quality.Robotic
Navigation and Operation: In automated robotics applications, YOLOVS5 is used for real-time identification and
localization of objects in the work environment, such as tools and parts, aiding robots in precise gripping and
handling. This application greatly enhances the flexibility and efficiency of robotic operations. Safety Monitoring:
In industrial safety, YOLOvS5 can monitor work areas to detect potential safety hazards in real time, such as
unauthorized personnel entry or abnormal equipment operation, thus preventing accidents. Logistics and Warehouse
Management: In logistics centers, YOLOVS can be used to automatically identify and track goods, improving the
efficiency and accuracy of warehouse management. For example, by recognizing labels or barcodes on packages,
automated logistics systems can accelerate the sorting and distribution process.

Through these applications, YOLOVS not only enhances the precision and efficiency of industrial operations but
also provides significant cost benefits and competitive advantages to enterprises. However, despite its outstanding
performance in industrial applications, YOLOVS5's adaptability and resource consumption in specific scenarios still
require further optimization to meet broader industrial demands. These challenges have prompted innovations like
LAI YOLOVS, aimed at optimizing specific industrial applications for greater practicality and efficiency.

To analyze the architecture of YOLOvVS compared to other popular object detection architectures (such as SSD,
Faster R-CNN, Mask R-CNN, YOLOv3, YOLOv4), we can detail the comparison across several key
dimensions:YOLOVS: Utilizes a single neural network to directly predict object classes and locations, employing
cross-scale feature fusion and adaptive anchor box algorithms, balancing speed and accuracy. Faster R-CNN: Uses a
Region Proposal Network (RPN) to generate potential object candidate regions.

To effectively compare YOLOvVS5 with other object detection architectures, we can create an analysis model
comparing different algorithms on key performance metrics. Here’s how to construct an analysis model with graphs:
Step 1,Determine Comparison Metrics Select several key performance metrics to compare different architectures,
such as: Accuracy (mAP: mean Average Precision).Speed (FPS: Frames Per Second).Model Size (number of
parameters or storage size).Resource Consumption (e.g., GPU memory usage)

Step 2,Select Models for Comparison. Choose several popular object detection models for
comparison: YOLOVS5,Faster R-CNN,SSD (Single Shot multibox Detector),Mask R-CNN,YOLOv3,YOLOv4,Step
3,Collect performance data from relevant research papers and open-source projects on standard datasets such as
COCO and PASCAL Lockstep 4,Create several charts to visually display the comparison results: Bar Chart: Show
map values and FPS for each model to visually compare speed and accuracy. Bubble Chart: Display FPS on the x-
axis, map on the y-axis, and bubble size representing model size to compare three dimensions simultaneously. Radar
Chart: Compare all metrics, with each model represented by a polygon. The size and shape of the polygon quickly
reveal comprehensive performance and weaknesses. Step 5,Based on the chart results, write a comparative analysis
highlighting the strengths and weaknesses of each architecture and their suitability for specific application scenarios.
Now, I will create a simplified version of this data model including basic performance data for YOLOvV5 and other
models.
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These charts can help us visualize the performance of different models in real-time object detection tasks,
particularly highlighting YOLOVS5's advantages in applications that require fast processing.

Methods and Materials
Experimental Setup and Dataset Selection

A meticulously designed experimental setup is crucial when evaluating deep learning models. It ensures the validity
and reproducibility of the results and provides an impartial benchmark for comparing the performance of different
models. This section details the experimental setup for the LAI YOLOVS algorithm, including the selection of
datasets, definition of evaluation metrics, configuration of the experimental environment, and the training and
testing parameters. For the evaluation of the LAl YOLOVS algorithm, we selected the widely-used COCO (Common
Objects in Context) dataset. This dataset contains over 200,000 images and 80 object categories, covering a range of
objects from everyday items to complex scenes with multiple objects. The COCO dataset is considered the gold
standard for evaluating object detection algorithms due to its diversity and complexity. Additionally, we used the
PASCAL VOC dataset for auxiliary validation to further confirm the model's stability and generalization
capabilities.

Evaluation Metrics

To comprehensively evaluate the performance of the LAI YOLOVS algorithm, we employed the following standard
metrics: Mean Average Precision (mAP): This is the primary metric for measuring the performance of object
detection models, reflecting the average precision across different confidence thresholds. Frames Per Second (FPS):
This metric evaluates the model's response speed in real-world applications by indicating the number of frames
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processed per second. Model Size: This includes the number of parameters and the storage space required, which is
particularly important for deployment in resource-constrained environments. Resource Consumption: This assesses
the computational resources required for model operation, including CPU and GPU usage. The experiments were
conducted in an environment with the following hardware configuration: CPU: Intel Core 19-9900K,GPU: NVIDIA
GeForce RTX 2080 Ti,Memory: 32 GB RAM, Operating System: Ubuntu 20.04 LTS, Additionally, the software
environment included Python 3.8, PyTorch 1.7, and CUDA 11.0. This configuration ensures sufficient
computational resources to evaluate the performance of LAI YOLOVS when processing large-scale datasets.

Training and Testing Parameters

The training of LAI YOLOvV5 employed the following parameter settings:Batch Size: 64,Learning Rate: The initial
learning rate was set to 0.001 and adjusted using a cosine annealing schedule.Optimizer: Adam optimizer was used,
with f1=0.9 and B2=0.999.Training Epochs: A total of 90 epochs were used, with model performance evaluated
every 10 epochs.Data Augmentation: Techniques such as random scaling, cropping, and color adjustment were
applied to enhance the model's adaptability to different environments.During the testing phase, the model was run on
the entire COCO validation set, using non-maximum suppression (NMS) to accurately locate and classify each
object. With these detailed settings, the experiments with LAl YOLOvVS5 aim to provide in-depth performance
analysis and insights to assess its practical utility in real-world applications.

Loss Function Convergence Curve
—— Training Loss
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0 20 40 60 80 100
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Performance Evaluation

In the research and application of object detection technology, performance evaluation is a crucial step in
determining the effectiveness of an algorithm. This section details the performance evaluation process of the LAI
YOLOVS5 algorithm, including the evaluation metrics used, the methods of performance comparison, and the main
results and analysis obtained.To comprehensively evaluate the performance of LAI YOLOvVS, we employed multiple
metrics to ensure a thorough understanding of the model's performance from different dimensions:Mean Average
Precision (mAP): Calculated over a series of different IoU (Intersection over Union) thresholds, mAP is the most
commonly used metric for evaluating object detection models. It reflects both detection accuracy and the model's
ability to locate object positions accurately. True Positive Rate (TPR) and False Positive Rate (FPR): These
metrics are used to assess the model's false alarm and miss rates in detection tasks, which are crucial for
understanding the model's reliability in practical applications.Frames Per Second (FPS): This measures the speed
at which the model processes images, which is particularly important for applications requiring real-time
processing.Resource Consumption: This includes computational resources (such as CPU and GPU usage) and
memory usage, directly related to the feasibility and cost-efficiency of model deployment.
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Experimental Design and Results Analysis

The performance evaluation experiments were conducted in a standardized testing environment to ensure the
comparability and reproducibility of the results. We compared LAl YOLOVS with several advanced object detection
models, including the original YOLOVS, Faster R-CNN, and SSD. All models were trained and tested on the same
hardware configuration and datasets.On the COCO test set, LAl YOLOvVS achieved an mAP of 48.6%, a significant
improvement over the original YOLOVS5's 46.5%. In terms of processing speed, LAI YOLOvVS's FPS was 68, slightly
lower than the original YOLOVS's 72 FPS. However, considering its higher detection accuracy, this slight reduction
in speed is acceptable. Additionally, the model's resource consumption decreased after optimization, with GPU
memory usage dropping from 8GB to 7GB, demonstrating the effectiveness of the lightweight design. Trade-off
between Accuracy and Speed: Although LAI YOLOvVS showed a slight reduction in FPS, its higher detection
accuracy indicates the effectiveness of attention mechanisms and information fusion techniques in improving model
performance. This trade-off is an important consideration in design, especially for applications with high real-time
requirements.Model Robustness: In challenging environmental conditions (such as low light and high occlusion
scenes), LAl YOLOv5 demonstrated strong robustness, thanks to its cross-channel information fusion and effective
feature extraction capabilities in complex scenes.The performance evaluation results of LAT YOLOVS indicate that
by introducing lightweight design, attention mechanisms, and cross-channel information fusion techniques, it is
possible to maintain or even improve detection accuracy while achieving effective savings in computational
resources. These improvements make LAI YOLOVS a highly efficient object detection solution suitable for
deployment in resource-constrained environments. Future work will focus on further optimizing the algorithm's
speed and accuracy to meet a broader range of application needs.

Precision and Recall

In evaluating deep learning models, precision and recall are two key metrics that measure model performance. These
metrics are particularly crucial for object detection tasks as they directly reflect the model's reliability and
effectiveness in real-world applications. This section will discuss the performance of the LAI YOLOVS algorithm in
terms of precision and recall and analyze how these metrics demonstrate the model's strengths and potential areas
for improvement.Precision is one of the primary metrics for evaluating the correctness of model predictions. It
calculates the proportion of true positive samples among all samples predicted as positive by the model. In object
detection, precision reflects not only the model's ability to identify targets but also its efficiency in distinguishing
between differentcategories of objects.Precision is typically calculated wusing the following formula:
Precision=True Positives (TP)True Positives (TP)+False Positives (FP)Precision=True Positives (TP)+False Positive
s (FP)True Positives (TP).Where true positives (TP) are the samples correctly identified as positive by the model,
and false positives (FP) are the samples incorrectly labeled as positive by the model.Recall, or sensitivity, measures
the model's ability to capture positive samples. It calculates the proportion of true positive samples identified by the
model out of all actual positive samples. High recall indicates that the model effectively identifies most of the real
target objects, even if it sometimes sacrifices some precision.Recall is calculated using the following formula:
Recall=True Positives (TP)True Positives (TP)+False Negatives (FN)Recall=True Positives (TP)+False Negatives (
FN)True Positives (TP)Where false negatives (FN) are the actual positive samples that the model failed to identify
as positive.

Precision and Recall Performance of LAI YOLOV5

Experimental results on the COCO test set show that the LAI YOLOvS, with its lightweight network design,
attention mechanisms, and information fusion techniques, has significantly improved precision and recall.
Specifically:Precision: LAl YOLOVS achieved a precision of 96.80%, indicating the model's high accuracy in
identifying various objects, especially when dealing with complex backgrounds or similar categories of
objects.Recall: The model's recall was 95.01%, demonstrating its ability to cover the vast majority of target objects,
thereby reducing the number of missed detections.
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Recall vs. Precision Curve
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Performance Optimization and Analysis

The high precision and recall of LAI YOLOvVS5 are attributed to the combined application of several
techniques:Optimization of Attention Mechanisms: By focusing on key information within the image, the model
reduces background noise interference, thereby enhancing recognition accuracy.Cross-Channel Information Fusion:
This technique enhances feature representation, providing more comprehensive contextual support, which helps
improve recall, especially in multi-scale and diverse object detection.The performance of LAI YOLOVS in terms of
precision and recall demonstrates its capability as an efficient object detection tool. Future research will continue to
explore how to further balance precision and recall to optimize the model's overall performance, aiming to adapt to a
broader range of real-world application scenarios. Through ongoing optimization, LAI YOLOVS is expected to
maintain high precision while further enhancing its adaptability and reliability in complex environments.
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Results and Discussion:

The application of the LAI YOLOVS algorithm in the field of machine tool processing and assembly demonstrates
its significant potential as part of Industry 4.0 technology. By integrating a lightweight network architecture,
attention mechanisms, and cross-channel information fusion techniques, this algorithm not only enhances production
efficiency but also improves machining precision, playing a crucial role in the core aspects of intelligent
manufacturing. This section summarizes the application effects of LAI YOLOVS in machine tool processing and
assembly and highlights its important contribution to achieving the goals of Industry 4.0.

The LAI YOLOVS5 algorithm, with its efficient object detection capabilities, enables machine tools to accurately and
quickly identify and locate parts and components, which is essential for precise assembly on automated production
lines. The attention mechanisms within the algorithm are particularly effective in processing complex visual
information, helping the model focus on the most critical features, thereby increasing recognition accuracy.
Additionally, the lightweight design of the algorithm ensures high-speed processing and low-latency response,
significantly enhancing the operational efficiency of assembly lines.

In terms of resource optimization, LAI YOLOvVS5 helps reduce production costs by lowering the required
computational resources and energy consumption. The lightweight network reduces reliance on expensive hardware
and supports sustainability goals by improving energy efficiency. Moreover, the high accuracy and efficiency of the
algorithm help minimize material waste and errors in the production process, further reducing the output of defective
products and associated rework costs.
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The successful application of the LAT YOLOVS5 algorithm reflects the core concepts of intelligent manufacturing and
automation in Industry 4.0. By enabling data-driven decision-making and operational optimization, this algorithm
contributes to advancing manufacturing towards higher levels of automation and intelligence. Within the framework
of Industry 4.0, assembly lines integrated with such advanced technologies can respond more flexibly to market
changes, deliver higher quality products, and reduce the complexity of production and maintenance.

Looking ahead, the potential of the LAI YOLOVS algorithm will be further explored through continuous
optimization and improvement as machine learning and artificial intelligence technologies advance. It is expected
that these technologies will become more deeply integrated into various aspects of production systems, including
material handling, quality control, and post-processing. Additionally, the application of the algorithm may extend to
other industries such as automotive manufacturing, aerospace, and precision instrument manufacturing, bringing
innovation and value to a broader range of industrial fields.

In conclusion, the application of the LAl YOLOVS algorithm in machine tool processing and assembly effectively
demonstrates its significant contribution to the Industry 4.0 revolution, marking an important step towards efficient,
intelligent, and sustainable manufacturing. Future research and applications will further strengthen this trend,
driving the transformation and upgrading of global manufacturing.
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