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Abstract: With the continuous development of manufacturing industry, enhancing production effi-
ciency has become the core link of enterprise competition. Machine learning, as a subfield of artifi-
cial intelligence, has been widely applied in the production field. It assists decision-making through 
intelligent driving of data, thereby promoting the optimization of production processes. This article 
analyzes the core technologies of how machine learning can improve production efficiency, includ-
ing time series analysis, intelligent supply chain, and inventory management. Furthermore, the 
practical applications of machine learning in demand forecasting, production scheduling, quality 
control, resource allocation, and energy efficiency optimization were explored. In the future, as tech-
nologies like deep learning and reinforcement learning advance, machine learning will see broader 
applications in production, especially in areas such as multi-source data fusion, real-time data pro-
cessing, and adaptive production systems, which hold significant potential. The popularization of 
automated decision support systems will further promote the improvement of production efficiency. 
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1. Introduction 
In the stage of deep transformation in the manufacturing industry, improving pro-

duction efficiency has become the core goal for enterprises to maintain competitiveness. 
The traditional production management model can no longer meet the urgent needs of 
modern manufacturing for agile response and precision management. As a key compo-
nent of the field of artificial intelligence, Machine learning contributes innovative strate-
gies and methods to the improvement of production processes through in-depth data 
mining and pattern recognition. Whether it is predicting market demand or controlling 
product quality, machine learning has shown great potential and effectiveness in applica-
tion. This article aims to analyze how machine learning can improve production efficiency 
through core technologies and practical applications, and predict the development trends 
in production modes, in order to provide theoretical basis and practical guidance for the 
industry. 

2. Key Technologies of Machine Learning in Production Efficiency 
2.1. Time Series Analysis 

Time series analysis occupies a core position in the field of machine learning, focus-
ing on analyzing data streams that change over time to reveal inherent trends, seasonal 
variations, and cyclical fluctuations in the data. In the field of time series analysis, com-
mon algorithms include autoregressive models (AR), moving average models (MA), au-
toregressive moving average models (ARMA), and autoregressive integral moving aver-
age models (ARIMA). These algorithms analyze historical data patterns and extract the 

Published: 27 May 2025 

 

Copyright: © 2025 by the authors. 

Submitted for possible open access 

publication under the terms and con-

ditions of the Creative Commons At-

tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/). 

https://soapubs.com/index.php/ICSS
https://soapubs.com/


AI Digital Technol., Vol. 2 No. 1(2025)  
 

 
AI Digital Technol., Vol. 2 No. 1(2025) 28 https://soapubs.com/index.php/ICSS 

intrinsic rules of time series to predict future data, and are commonly used in fields such 
as market demand forecasting and equipment maintenance prediction [1]. In specific op-
erations, optimizing the time series model can more accurately adjust production sched-
ules and processes, thereby improving production efficiency. The prediction of time series 
models can usually be described by the following formula: 

𝑋𝑋𝑡𝑡 = 𝜇𝜇 + 𝜑𝜑1𝑋𝑋𝑡𝑡−1 + 𝜑𝜑2𝑋𝑋𝑡𝑡−2 +⋅⋅⋅ +∈𝑡𝑡         (1) 

Among them, 𝑋𝑋𝑡𝑡 represents the observed value at time t, 𝜇𝜇 is a constant term, 𝜑𝜑1, 
𝜑𝜑2, …, it is a parameter of the model, ∈𝑡𝑡 is an error term. This formula demonstrates the 
impact of past values on current values and helps extract trends and periodic patterns 
from the data. In production scenarios, this model has the ability to grasp the subtle 
changes in time series data, providing accurate predictive basis for the formulation of pro-
duction plans and the rational allocation of resources [2]. 

2.2. Intelligent Supply Chain and Inventory Management 
By utilizing advanced machine learning technology, intelligent supply chain and in-

ventory management systems can finely adjust the entire supply chain process through 
various algorithms. Enterprises rely on various machine learning tools such as regression 
prediction, decision trees, and neural networks to accurately predict changes in future 
market demand, and based on this, formulate corresponding production strategies, adjust 
inventory levels, and optimize supply chain layout. This technology integrates past sales 
records, market trends, production capacity, and logistics information to build a compre-
hensive supply chain strategic system, enhancing the adaptability and operational effi-
ciency of the supply chain. The application of machine learning algorithms enables real-
time optimization of inventory configuration, effectively preventing inventory backlog or 
shortage, and thereby maximizing production efficiency [3]. To accurately calculate in-
ventory levels, the following formula is usually used to describe changes in inventory: 

𝑆𝑆𝑡𝑡 = 𝑆𝑆𝑡𝑡−1 + ∑ (𝑅𝑅𝑖𝑖,𝑡𝑡 − 𝐷𝐷𝑖𝑖 ,𝑡𝑡)𝑛𝑛
𝑖𝑖=1           (2) 

Among them, 𝑆𝑆𝑡𝑡 is the ending inventory level, 𝑅𝑅𝑖𝑖,𝑡𝑡  represent the incoming quantity 
of each link, 𝐷𝐷𝑖𝑖,𝑡𝑡 are the corresponding demand quantity, and 𝑛𝑛 is the number of supply 
chain links. Through this formula, enterprises can accurately calculate inventory changes 
at various stages and adjust production and inventory strategies in real-time based on 
predicted demand, thereby achieving efficient management in a changing market envi-
ronment [4]. 

3. The Application of Machine Learning in Improving Production Efficiency 
3.1. Demand Forecasting and Production Scheduling Optimization 

The key to improving production efficiency lies in the optimization of demand fore-
casting and production scheduling. The application of machine learning in this field can 
significantly optimize production planning. The formulation of traditional production 
plans is often based on subjective experience and fixed data patterns, but the introduction 
of machine learning technology can make more accurate predictions of market demand 
through in-depth mining of real-time data and systematic learning of historical data. Ad-
vanced algorithms such as Long Short-Term Memory Networks (LSTM), Bayesian models, 
and ensemble learning methods can effectively handle the complexity of time series and 
the analysis challenges of big data, thereby improving the accuracy of predictions. By in-
tegrating demand forecasting and production scheduling models, enterprises can adjust 
resource allocation in real time, effectively avoid overproduction or underproduction, and 
significantly improve the overall level of production efficiency. In order to accurately ad-
just production volume to match predicted demand, the following formula provides a 
weighted adjustment method: 

𝑃𝑃𝑡𝑡 = 𝛼𝛼𝐷𝐷𝑡𝑡+(1−𝛼𝛼)𝑃𝑃𝑡𝑡−1
1+𝛽𝛽

            (3) 
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Among them, 𝑃𝑃𝑡𝑡 represents the current production volume, 𝐷𝐷𝑡𝑡  is the predicted de-
mand, 𝛼𝛼  is the smoothing factor, and 𝛽𝛽  is the adjustment factor. By adjusting the 
smoothing factor and adjustment factor, enterprises can optimize their production plans 
in the face of demand fluctuations, ensuring efficient utilization of production resources. 

3.2. Intelligent Quality Control and Fault Detection 
With the utilization of advanced artificial intelligence technology to optimize prod-

uct quality control and production stability, intelligent quality auditing and fault detec-
tion have become key components. In the traditional manual quality control mode, the 
efficiency and quality of quality control are often affected by subjective judgments. Ma-
chine learning technology analyzes rich production data and uses algorithms such as clas-
sification and aggregation to achieve real-time monitoring of product quality and auto-
matic detection of problems. Advanced technologies such as support vector machines, 
random forests, and deep neural networks have been widely used in fault monitoring and 
quality prediction [5]. They can quickly detect non-compliant events on the production 
line, effectively reduce the rate of defective products and production downtime, and thus 
improve the overall quality of products. The application of machine learning technology 
has enhanced the accuracy of fault detection and promoted the process of production au-
tomation and intelligence. To build a more accurate quality prediction model, the rela-
tionship between quality and input features can be established through the following re-
gression methods: 

𝑌𝑌 = 𝑓𝑓�∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖 + ∑ 𝛾𝛾𝑗𝑗𝑋𝑋𝑗𝑗2+∈𝑚𝑚
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1 �         (4) 

Among them, 𝑌𝑌 represents the predicted quality result, 𝑋𝑋𝑖𝑖  and 𝑋𝑋𝑗𝑗  represent linear 
and nonlinear features respectively, 𝛽𝛽𝑖𝑖 and 𝛾𝛾𝑗𝑗 are the corresponding regression coeffi-
cients, and 𝜖𝜖 is the error term. This model combines the comprehensive effects of linear 
and nonlinear features, and through modeling complex relationships, machine learning 
can more comprehensively predict product quality, thereby accurately detecting faults 
and optimizing production processes. 

3.3. Intelligent Configuration and Management of Production Resources 
The intelligent allocation and management of production resources play an im-

portant role in improving production efficiency through machine learning technology. 
With the help of machine learning algorithms, enterprises can efficiently allocate produc-
tion factors, including the rational arrangement of human resources, raw materials, and 
machinery and equipment, in order to improve resource utilization efficiency and reduce 
unnecessary consumption. In advanced manufacturing factories, by adopting reinforce-
ment learning technology, machine operations on the production line can be optimized in 
real time, automatically assigning tasks to the most suitable equipment to achieve maxi-
mum productivity. By combining production planning with real-time data flow, machine 
learning systems can accurately predict resource demands, identify production bottle-
necks, and implement effective responses such as reallocating resources or rescheduling 
tasks in case of resource shortages. 

For example, a certain electronic product manufacturing enterprise uses machine 
learning to optimize the resource allocation of its production line. In traditional produc-
tion methods, various manufacturing tasks often rely on manual scheduling of machines 
and human resources, resulting in low work efficiency. After introducing intelligent algo-
rithms, the system can automatically allocate resources based on production order infor-
mation and equipment status. For a batch of smartphone production tasks, the system 
analyzes past data to predict the machines' working hours, maintenance cycles, and the 
arrival time of raw materials, and then intelligently formulates the optimal resource allo-
cation strategy. Table 1 shows the specific applications and optimization outcomes of ma-
chine learning in resource allocation. 
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Table 1. Application and Optimization Effect of Machine Learning in Intelligent Allocation of Pro-
duction Resources. 

Resource type Task Name Intelligent allocation strategy Optimization results 

human re-
sources 

Screen assem-
bly 

Assign 3 technical workers 
Improve work efficiency, 

expected completion 
time of 8 hours 

Equipment re-
sources 

Motherboard 
soldering 

Enable automatic welding robot 
Efficiency increased by 
20%, reducing manual 

intervention 

Material re-
sources 

Battery sup-
ply 

Prioritize the allocation of battery 
inventory from the nearest ware-

house 

Reduce transportation 
time by 4 hours and 

lower costs 

Time Re-
sources 

Overall 
scheduling 

optimization 

Dynamically adjust the time se-
quence of production tasks 

Shorten production cycle 
by 1 day and improve 

delivery speed 
The above table shows the specific application of machine learning in resource allo-

cation, covering multiple aspects such as manpower, equipment, materials, and time, 
achieving rational allocation and scientific management of resources through intelligent 
strategies. 

3.4. Energy Efficiency Optimization and Environmental Monitoring 
Energy efficiency optimization and environmental monitoring are important appli-

cation areas of machine learning in production. This technology can accurately locate high 
energy consuming links and formulate more energy-efficient energy strategies through 
deep mining of energy consumption data during the production stage. In terms of envi-
ronmental monitoring, machine learning technology can effectively process various com-
plex environmental information, such as temperature, humidity, pollutant emissions, etc., 
in order to track environmental factors in the production process in real time. The convo-
lutional neural network (CNN) technique of deep learning is often applied to image data 
processing, while time series analysis rules can monitor long-term trends in environmen-
tal changes. Combining energy efficiency improvement with environmental monitoring 
not only improves operational efficiency but also aligns with the strategic goal of sustain-
able development. 

In practical applications, for example in a chemical enterprise, machine learning 
models are used to analyze equipment energy consumption data and process parameters. 
The analysis revealed that the energy conversion efficiency of certain equipment is subop-
timal under specific load conditions. Based on these analysis results, the system proposes 
targeted optimization measures, such as adjusting the operating time of equipment or re-
ducing unnecessary process flows, thereby promoting more rational use of energy. The 
following formula is used to describe the calculation relationship of energy consumption 
for each device in energy optimization: 

𝐸𝐸 = ∑ (𝑃𝑃𝑖𝑖 , 𝑡𝑡𝑖𝑖 , 𝜂𝜂𝑖𝑖)𝑛𝑛
𝑖𝑖=1             (5) 

Among them, 𝐸𝐸 is the total energy consumption, 𝑃𝑃𝑖𝑖  is the power of the i-th device, 
𝑡𝑡𝑖𝑖 is the operating time, and 𝜂𝜂𝑖𝑖 is the energy utilization efficiency. By dynamically ana-
lyzing and adjusting various parameters in the formula, machine learning can support 
energy efficiency optimization and assist in monitoring specific environmental factors 
during the production process. 
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4. Future Development Trends of Machine Learning in Improving Production Effi-
ciency 
4.1. Application Expansion of Deep Learning and Reinforcement Learning 

Deep learning and reinforcement learning are important directions for the future de-
velopment of machine learning in the production field, gradually expanding to complex 
system optimization and real-time decision-making scenarios. Deep learning technology 
can extract key features from massive datasets and perform pattern recognition, enabling 
accurate prediction and intelligent operations in a changing production context. Rein-
forcement learning techniques have demonstrated unique advantages in dealing with dy-
namic programming and resource allocation problems, improving strategy formulation 
through a continuous process of trial and error. The fusion application of these two tech-
nologies significantly enhances the self-regulation ability of the production line, while also 
providing strong technical support for efficient resource allocation and rapid fault detec-
tion. 

For example, in an intelligent manufacturing factory, reinforcement learning technol-
ogy is used to dynamically optimize the scheduling system of the production line. The 
reinforcement learning model can automatically adjust the operation sequence and task 
allocation of the production equipment based on real-time data streams, thereby contrib-
uting to improved efficiency across different stages of the production process. Figure 1 
shows the growth of adoption rates of deep learning and reinforcement learning in the 
production field from 2016 to 2023. 

 
Figure 1. The Adoption Trend of Deep Learning and Reinforcement Learning in the Production 
Field. 

From the graph, it can be seen that the application rates of deep learning and rein-
forcement learning have both shown an upward trend from 2016 to 2023. The growth 
curves of the two are close to each other, and between 2021 and 2023, the curve of rein-
forcement learning surpassed that of deep learning, indicating the significant growth po-
tential of reinforcement learning in dealing with dynamic decision problems. 

4.2. Real Time Data Processing and Adaptive Production System 
Real-time data processing and adaptive production systems are expected to become 

key trends in the application of machine learning for enhancing production efficiency. In 
modern production environments, the speed and scale of data generation are growing 
exponentially, and traditional batch data processing methods are difficult to cope with 
real-time changes in production activities. By utilizing machine learning technology, real-
time analysis of sensor information, production supervision data, and market change data 
can be implemented to optimize production activities in real-time. By combining edge 
computing with real-time data stream analysis, the system can quickly detect and address 
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abnormal situations in production and adjust strategies in real time. Adaptive manufac-
turing systems utilize algorithms such as reinforcement learning and dynamic program-
ming to flexibly adjust production processes and resource allocation based on real-time 
data, thereby enhancing the system's adaptability and robustness. 

For example, a food processing company has adopted real-time data analysis and 
automated manufacturing process adjustment technology. The enterprise has installed a 
sensor network in the production line to monitor various indicators including tempera-
ture, humidity, and processing rate in real time, and uses real-time data stream technology 
to analyze these indicators. If the system detects that the operating efficiency of a certain 
device does not meet the standard, it will quickly activate the adjustment mechanism and 
transfer the relevant tasks to the backup machine. The automated system for adjusting the 
manufacturing process continuously optimizes the production sequence by analyzing his-
torical data and providing real-time feedback to minimize downtime. This system helps 
enterprises to flexibly respond to market fluctuations and changes in production factors 
in the production process, thereby significantly enhancing their market competitiveness. 

4.3. Popularization of Automated Decision Support Systems 
Automated decision support systems are one of the key approaches to improving 

future production efficiency, with their core rooted in the integration of big data analysis, 
intelligent algorithms, and machine learning technologies. This system can assist enter-
prises in quickly developing more accurate production strategies in changing production 
environments. It relies on real-time data streams and predictive algorithms to conduct in-
depth analysis of multi-dimensional data, and then generate optimal solution strategies, 
effectively shortening the cycle of manual decision-making and reducing the probability 
of errors. With the continuous development of the field of artificial intelligence, this sys-
tem is gradually being widely applied in multiple production processes such as flexible 
resource allocation, optimized production arrangements, and supply chain management. 

For example, a certain automobile manufacturing enterprise has implemented an in-
telligent decision assistance system, mainly aimed at improving the efficiency of parts 
production and logistics scheduling. In traditional operational processes, the production 
scheduling of components relies on manual prediction and experience, often resulting in 
unnecessary resource consumption due to incomplete information. After adopting an in-
telligent decision-making system, the enterprise is able to process real-time demand in-
formation and inventory status in the global market, and use machine learning technology 
to develop optimal production and logistics strategies. The system dynamically adjusts 
resource allocation during peak periods and schedules equipment maintenance during 
planned downtime, thereby achieving higher production efficiency and reduced costs. 

The following Figure 2 shows the changing trends of automated decision support 
systems in terms of decision speed and popularity from 2017 to 2023. 

 
Figure 2. Trends in Decision Speed and Popularity of Automated Decision Support Systems. 
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The above data indicates that the use of automated decision support systems in the 
production field is continuously deepening, with both decision-making efficiency and 
adoption increasing rapidly. 

5. Conclusion 
Machine learning, as a core technology for improving production efficiency, has 

demonstrated significant effectiveness in multiple aspects such as demand forecasting, 
production scheduling, resource allocation, quality monitoring, and energy efficiency im-
provement. With the rapid development of advanced technologies such as deep learning 
and reinforcement learning, they will show broader application prospects in diverse pro-
duction scenarios, especially in terms of flexible adjustment and real-time decision-mak-
ing, with great development space. In the future, the integration of data from different 
fields, collaboration of multiple models, and automation upgrade of decision support sys-
tems are expected to bring new impetus to further improve production efficiency. With 
the continuous improvement of technology, machine learning plays a key role in promot-
ing intelligent manufacturing and green production, bringing new opportunities for en-
terprise innovation and providing strong support for the transformation of modern pro-
duction models. 
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