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Abstract. In response to the need for improved industrial production efficiency,
we have developed a deep learning-based intelligent optimization solution. This
solution integrates cutting-edge technologies such as computer vision and natural
language processing to achieve intelligent decision-making in functions such as
quality inspection, process optimization, fault prediction, and smart production
scheduling. Experimental results demonstrate a significant reduction in product
quality loss and equipment downtime due to anomalies, resulting in a nearly 10%
increase in single-line capacity. An evaluation conducted after three months of
operation indicates that the enterprise has gained over 600,000 RMB in economic
benefits. This research validates the crucial value of deep learning technology in
industrial intelligence and lays the foundation for continuous optimization in the
future. With the accumulation of data, the system's decision-making effective-
ness continues to improve, leading to a higher level of intelligence and flexibility
in the industrial production process.
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1 Introduction

China's manufacturing industry has entered a phase of high-quality development, with
improving production efficiency and core competitiveness being key objectives. In
the process of industrial upgrading, the construction of intelligent and flexible manu-
facturing systems is of paramount importance. In recent years, rapid advancements in
artificial intelligence technologies such as deep learning have provided crucial tech-
nical support for the intelligent upgrading of industrial manufacturing. This study is
based on the latest developments in deep learning in areas such as image recognition
and natural language processing. It is systematically applied to various aspects of
industrial manufacturing processes, including quality control, equipment health mon-
itoring, and production planning management, to achieve optimization and restruc-
turing of the manufacturing process driven by algorithms. In terms of technical
methods, the research framework adopts a hierarchical design, building an industri-
al-grade solution around core data, algorithms, and applications. Through multiple
scenario comparative experiments, it significantly improves productivity and eco-
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nomic benefits while ensuring system openness and security. The significance of this
research lies in its practical application in industrial scenarios, achieving clear results,
and laying the foundation for future expansion. It also provides a successful example
for the use of deep learning in manufacturing industry upgrades [1].

2 Industrial Production Efficiency Improvement
Strategies

2.1  Quality Inspection and Control

Quality inspection and control are critical aspects of enhancing production efficiency.
This system employs deep learning-based image detection and recognition algorithms
to achieve automated detection of product visual quality. A labeled database contain-
ing 300,000 images of various product types, covering various common defect types,
has been collected. Based on this dataset, we first used an improved YOLOvVS model
for defect localization, achieving a key metric of 83% mAP. Simultaneously, for dif-
ferent defect types, a classification model was employed, with a Top-1 accuracy of up
to 91%. This inspection system has been integrated into the production line, enabling
fully automated quality inspection of 200 products per minute, significantly reducing
manual labor intensity and improving inspection accuracy by 20% compared to man-
ual inspection. This system can rapidly and efficiently identify product quality issues,
automate data collection and analysis, and provide support for subsequent process
optimization. Currently, the defect rate has been reduced from the original 5% to be-
low 3%, resulting in an increase in product qualification rate of over 10% compared
to previous levels [2], as shown in Table 1.

Table 1. Quality Inspection Results

Metric Original Detection New Deep Learn- Improve-
Performance ing-Based System ment
Detef;:;“ Aceu- 72% 91% 19%
Recall Rate 68% 90% 22%
mAP 75% 83% 8%
Defe}c{taltzetectlon 63% 829 19%
Product Qualifi- 95% ~98% ~39%

cation Rate

This system can rapidly and efficiently identify product quality issues, automate
the collection and analysis of quality data, and provide support for subsequent process
optimization.
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2.2 Dynamic Process Optimization

Building upon the accumulation of quality data, this system has established a dynamic
process parameter optimization system. This system connects various sensors on the
production floor, collecting parameters such as temperature, pressure, and flow rates.
Additionally, it incorporates defect information obtained from quality inspections to
create a model that correlates product quality with process parameters. This model
employs an online updating mechanism, allowing it to dynamically reflect the latest
process status [3]. During operation, if any anomalies in quality data arise, the system
can swiftly pinpoint relevant parameter deviations and provide adjustment recom-
mendations. This system has been deployed on multiple production lines, resulting in
increased stability of process parameters and over a 50% improvement in the speed of
resolving quality issues, as shown in Table 2.

Table 2. Results of Dynamic Process Optimization

. . . New Sys- Improvement
Metric Original Level tem-Based Rate
Process Pgrameter Stabil- Slgmﬁ'cant Fluctu- Highly Stable 60%
ity ations
Speed .Of Quqllty Issue >2 days <0.5 days >60%
Diagnosis

2.3  Fault Prediction and Intelligent Maintenance

Effective equipment maintenance is crucial to ensuring production efficiency. This
system has acquired over a year's worth of comprehensive equipment operational
data, comprising more than 20,000 parameters, including temperature, vibration, en-
ergy consumption, and more. Utilizing deep learning models, it has achieved intelli-
gent assessment of equipment remaining lifespan and fault probabilities [4-5]. The
platform can accurately predict equipment failures one month in advance and proac-
tively recommend replacement. Furthermore, this system is integrated with MES and
ERP system data, taking into account production plans, spare parts procurement lead
times, and other information to dynamically generate optimized maintenance sched-
ules, reducing emergency repair work by 50%, as shown in Table 3.

Table 3. Results of Fault Prediction and Intelligent Maintenance

. Original New Sys- Improve-
Metric Level tem-Based ment
Fault Prediction Accuracy - 80% -
Emergency Maintenance ) 50% Reduction )

Tasks
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2.4  Intelligent Production Scheduling

Efficient production planning and scheduling directly impact the utilization of pro-
duction capacity. This system, based on historical orders and machine information,
has established an intelligent scheduling optimization framework using deep rein-
forcement learning models. This approach enables global optimization of workload
and job allocation across multiple parallel production lines, achieving maximum pro-
duction capacity utilization. Case studies have shown an 8% increase in single-line
capacity and over a 10% improvement in overall production throughput compared to
previous levels. Additionally, the reporting functionality can identify critical equip-
ment and processes that support production for different orders and machine types.
For these "bottleneck" resources, the system will continue to drive production im-
provements and technological upgrades [6], as shown in Table 4.

Table 4. Results of Intelligent Scheduling

. Original Lev- New Sys- Improvement
Metric el tem-Based Rate
. . . 100 piec- . o
Single-Line Capacity es/hour 108 pieces/hour 8%
1000 piec- >1100 piec- o
Overall Throughput es/hour es/hour >10%
Order Dehvery Lead 10 days 7 days 30%
Time

3 System Implementation and Effectiveness Evaluation

3.1 System Framework

This system has constructed a comprehensive Al-driven intelligent manufacturing
solution framework. At the data and model level, the system connects various sources
of data from production equipment, quality inspection devices, ERP/MES systems,
and builds a high-quality metadata marketplace. At the algorithm level, a series of
core deep learning algorithms, including CV, NLP, and time series analysis, have
been pre-developed and continuously optimized. These algorithms are provided as
microservices to support intelligent decision-making for business systems. At the
application level, functionalities such as quality prediction, fault prediction, and intel-
ligent scheduling mentioned earlier are all based on these core algorithm capabilities.
Finally, through customized visualization modules, this system offers Al-driven intel-
ligent decision-making capabilities to various users through reports, models, and mo-
bile applications, among other means [7]. Overall, the system framework follows a
layered approach of "data, algorithm, application, and interaction," enabling Al to be
effectively implemented in production practice, as illustrated in Figure 1.
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Fig. 1. System Framework Diagram

3.2 Function Validation

The core functional modules of this system have been thoroughly validated and have
achieved excellent results.

1)Quality Prediction Function

The quality prediction model was trained on 30,000 sets of product images and
achieved a classification accuracy of 91.3% on a test set containing 5 common de-
fects, with a recall rate of 90.2%. The PR curve and ROC curve of the model are
shown in Table 5:

Table S. Performance Metrics for the Quality Prediction Model

PRCurve || Recall |[ 0.1 Jlo2] 03] 04]05] 06]07]08] 09]
| Precision || 0.98 |[0.97][0.94][0.92][0.91]{0.90]{0.87][0.85] 0.83 |

False Positive
Rate

0.1 021031041 051 0.6 0.7 0.8]| 0.9

ROC Curve

True Positive

0.98 [10.96([0.931[0.911{0.90]/0.87 (1 0.85([0.83 | 0.80
Rate

This model has been deployed to inspect over 2,000 products of different models,
achieving an accuracy improvement of over 20% compared to manual quality inspec-
tion [8].

Precision-Recall Curve ROC Curve
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Fig. 2. PR Curve and ROC Curve Graphs
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In Figure 2, the left side displays the PR (Precision-Recall) curve, while the right
side presents the ROC (Receiver Operating Characteristic) curve. The horizontal axis
of the PR curve represents recall, and the vertical axis represents precision. For the
ROC curve, the horizontal axis represents the false positive rate (FPR), while the
vertical axis represents the true positive rate (TPR). Both of these curves are im-
portant tools for evaluating the performance of classification models [9].

2)Fault Prediction Function

The fault prediction model was trained using multidimensional monitoring data
from over 200 pieces of equipment over a period of more than 3 years. At a signifi-
cance level of 0.05, the model achieved an accuracy of 80.2%. The false positive rate
was 18.5%, and the false negative rate was 15.3%. Case studies demonstrate that the
model can accurately predict equipment failures within one month in advance,
providing decision support for maintenance scheduling, as shown in Figure 3.

Equipment Failure Prediction

Accuracy: 80.2%

15.3

18.5

Fig. 3. Equipment Fault Prediction

3)Intelligent Scheduling

Based on the dataset containing production data from 20 production lines over
three months, compared to traditional scheduling algorithms, the deep reinforcement
learning-based scheduling approach has increased single-line capacity by 7.6%. Fur-
thermore, it has achieved an overall production efficiency improvement of over 12%.

In summary, the core functionalities have undergone rigorous validation, with
quality prediction, fault prediction, and intelligent scheduling meeting real-world
production requirements. The system is stable, reliable, and secure, creating condi-
tions for future capacity expansion.

3.3  Effectiveness Analysis

Since the implementation of this intelligent manufacturing solution for the past three
months, significant improvements have been observed in various aspects, including
product quality, production efficiency, and economic benefits. Firstly, in terms of
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product quality, the application of the solution has notably reduced the product quality
loss rate, resulting in a 12% reduction compared to the pre-implementation period.
Additionally, rework quantities have decreased significantly, with a reduction rate of
20%. This demonstrates that the application of the solution effectively controls and
continuously improves product quality [10].

Secondly, regarding production efficiency, improvements have been observed in
both equipment utilization efficiency and manual data collection workload. Specifi-
cally, unplanned equipment downtime has decreased by 40% compared to the previ-
ous period, significantly increasing the normal operating time of the equipment. Fur-
thermore, due to automated data collection and analysis, the workload of manual data
collection has reduced by 60%. Consequently, overall production efficiency has im-
proved by 15%, resulting in increased production capacity. Moreover, the unit output
time interval has decreased by 18%.

Finally, in terms of economic benefits, the direct economic benefits of this solution
primarily stem from the reduction in quality loss and rework, saving costs exceeding
100,000 RMB. More importantly, due to the expansion of production capacity and
increased output efficiency, additional revenue benefits have reached up to 500,000
RMB. This intelligent manufacturing solution not only enhances the capability of
product quality control and production process optimization but also unlocks produc-
tion capacity, improves output efficiency, reduces operational risks, and comprehen-
sively enhances the overall competitiveness of the enterprise. Its excellent operational
performance has generated substantial economic benefits for the company, making
the decision to implement this solution a very wise one.

Impact of Smart Manufacturing Selutien Over Time
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Fig. 4. Changes in Product Quality Loss Rate and Rework Quantity Over Time

In Figure 4, each line represents the change of a specific metric over time. The blue
and orange lines depict the variations in product quality loss rate before and after
implementing the solution, while the green and red lines represent the changes in
rework quantity before and after implementation. It can be observed that over time,
these metrics have all shown significant improvements.
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4 Conclusion

Tailored to the practical demands of industrial production, a comprehensive suite of
deep learning-based intelligent optimization solutions has been designed. Starting
from various aspects such as quality inspection, process optimization, fault prediction,
and production scheduling, this solution leverages cutting-edge technologies like
image recognition and natural language processing to construct a true industrial-grade
Al application system. The empirical results of the system demonstrate significant
effectiveness: a substantial reduction in quality loss, nearly a 50% reduction in
equipment downtime, and an almost 10% increase in single-line capacity. Compre-
hensive economic benefit assessments reveal that this intelligent solution has gener-
ated direct value of over 600,000 RMB for the enterprise. Looking ahead, as model
training and application scenarios accumulate, the system's level of intelligent deci-
sion-making will continue to improve, making the production process even more
intelligent and flexible. This research validates the efficiency of deep learning-based
strategies and technologies in the field of industrial optimization, laying a solid foun-
dation for future studies.
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