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Improving Production with Artificial Neural 
Networks and Integration into ERP Systems: An 
Approach within the Scope of Industry 4.0 

Gizem Şara Onay1

Mehmet Çakmakçı2

Abstract

This study aims to digitize production planning by utilizing prediction 
models based on production data and reducing human intervention to 
increase efficiency. Production data obtained from a real manufacturing 
system through the Manufacturing Execution System (MES) interface was 
analyzed using an artificial neural network (ANN) algorithm, and future 
production quantities were predicted. By integrating the production forecast 
results into the Enterprise Resource Planning (ERP) system, it was aimed 
to automatically direct the production processes. Thus, production decisions 
can be automatically made by the system based on past data. As a result 
of the implementation, dynamic and data-driven decision-making processes 
in production management were facilitated through the forecast outputs 
integrated into the ERP system. This prediction-based approach is more 
flexible compared to traditional production planning methods and enables 
quicker responses from the production system. Consequently, this study 
presents an innovative approach that contributes to digital transformation 
within the scope of Industry 4.0 and serves as an example for decision support 
systems in production management. With this study, the development of 
predictive systems that operate with real-time data flow is aimed for the 
future.
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INTRODUCTION

The concept of Industry 4.0 encompasses digitalization, automation, 
and data-driven decision support infrastructures in production systems. This 
study enables businesses to utilize their resources more efficiently, adopt 
a flexible production structure, and respond more quickly to customer 
expectations. However, many manufacturing facilities still operate with 
manual data processing procedures and traditional planning methods. This 
leads to several operational challenges, including excess inventory, material 
shortages, shipment errors, and production losses.

In this study, the losses caused by the improper planning of SMD 
(Surface Mount Device) type materials in the production line of a company 
manufacturing television mainboards were examined. Since material 
requests are reported to the production site as a total quantity, the need on 
a reel basis is not fully reflected, and an excessive number of reels are sent to 
production. This leads to both stock inflation and layout inefficiency on the 
production line.

To prevent this problem, production data was collected from the past 
and analyzed using an artificial neural network model; future production 
quantities were predicted. These predictions were integrated into the ERP 
system, and stock control and supply planning were automated, thereby 
eliminating manual errors.

Figure  1. TV mainboard production
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MATERIAL AND METHODS

Material

The mainboard production line of an electronics manufacturing facility 
operating in the Aegean Region was selected as the application area. The 
SMD materials (resistors, capacitors, etc.) used on this line are supplied in 
reels and automatically placed by the machines on the production line. Since 
the required number of reels is manually calculated based on the production 
quantity, over- or under-supply frequently occurs.

Theoretical Framework

In the past decade, numerous publications have been made on the 
concepts of Industry 4.0, MES, and ERP. The diversity of methods found 
in the literature stems from various approaches ranging from forecasting 
algorithms to system integration.

In the literature review conducted, 32 studies were examined. Some 
of these studies focused solely on production data forecasting and did not 
include ERP integration. For example, El Madany et al. (2022) proposed a 
hybrid time series model for supply forecasting; however, ERP integration 
was not included. Similarly, the ARIMA-based forecasting model developed 
by IFS Applications was used for demand prediction but did not support 
real-time MES integration.

The unique aspect of this study is the combination of ANN-based 
production forecasting with ERP-MES system integration. While MES 
systems monitor the production process, ERP systems handle corporate 
planning. The coordinated operation of these two systems will enhance 
production efficiency and the quality of decision-making.

Methods

Material tracking problems were analyzed using a fishbone diagram 
under the categories of material, method, human, and process:

	• Material: Small-sized components → confusion and loss

	• Method: Total quantity → excess reels → stock inflation

	• Human: Inconsistency between the system and the production floor

	• Process: Too many feeding points → irregular distribution

Consequently, this structure results in unnecessary inventory and 
production disruptions.
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Figure  2. Fishbone Diagram

Data Collection Process

Production data, material usage records, and order information were 
collected through the factory’s Manufacturing Execution System (MES). A 
Pareto analysis was applied to identify critical materials. According to the 
analysis, 24 out of 72 materials accounted for 80% of the total inventory. 
These 24 materials were selected as critical input data for the model.

Figure  3. Distribution of the 24 most used materials according to the Pareto analysis

Artificial Neural Network Model

The modeling process was carried out in the MATLAB environment. 
A multilayer feedforward artificial neural network model was chosen, and 
historical production quantities were used as input variables. The output 
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was the predicted production quantity for the next 10 days. 70% of the data 
was used for training and 30% for testing. The performance of the model 
was evaluated based on MSE (Mean Squared Error) and R² criteria.

ERP Integration

The forecasting results were transferred to the ERP system, which 
was developed on a PostgreSQL basis, via a REST API. The production, 
inventory, and order modules within the ERP system read this data to 
provide real-time suggestions to managers. The system provides the 
purchasing team with future production forecasts based on historical data.

Figure  4. ERP Login Screen

Figure  5. ERP Screen 
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RESULTS

This study aimed to address the problems encountered in the most critical 
areas of production processes such as production planning and inventory 
management through artificial intelligence and digital system integration. 
The artificial neural network model developed based on field observations 
and system data made highly accurate production forecasts using historical 
production data; these forecasts were integrated with the PostgreSQL-based 
ERP system, contributing to the digitalization of decision support processes.

As a result of the analyses, it was found that a large portion of production 
inventory consisted of a small number of critical materials, and it was 
understood that planning processes should be optimized around these 
materials. In this context, Pareto analysis and fishbone diagrams were effective 
both in identifying the problem and in generating solution strategies.

A high correlation coefficient was obtained for the artificial neural network 
model. This indicates that the model has a strong forecasting capacity and 
can make reliable predictions regarding production quantities. Through 
integration with the ERP system, these predictions were systematically 
transferred to the production, procurement, and inventory modules; thus, 
manual planning errors, time losses, and waste were significantly reduced.

Moreover, the developed system’s ability to provide real-time data flow 
between ERP and MES not only enhances planning but also improves 
operational efficiency. This situation can provide transparency in the 
production process and allow decision-makers to intervene quickly in 
the field. Problems such as material surplus, misdirection, and operator 
confusion on the production line will be significantly reduced through this 
system.

This study also demonstrated that:

	• Artificial intelligence models integrated into the production process 
provide not only efficiency but also strategic flexibility.

	• The harmonious operation of ERP and MES systems is a cornerstone 
in the journey of digital transformation.

	• With data-driven forecasting, businesses can optimize their resources 
not only based on the past but also for the future.

As a result, the proposed method of this study is a low-cost, sustainable 
digitalization example that can be easily applied in small and medium-
sized manufacturing enterprises. The method is not merely a forecasting 
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algorithm but also a digital transformation strategy that shapes decision-
making processes.

DISCUSSION AND CONCLUSION

The implementation of production forecasting using the artificial neural 
network model developed in this study, and the integration of the forecast 
results into the ERP system, provided accuracy, speed, and efficiency in 
production planning. The high R² value of the model represents a significant 
achievement compared to similar studies. For instance, El Madany et al. 
(2022) used time series analysis methods for supply chain forecasting but did 
not integrate model accuracy with ERP systems. From this perspective, the 
proposed model is innovative not only in terms of forecasting performance 
but also in system integration.

Studies based on deep learning models, such as those by Bengio (2009), 
also emphasize that neural networks perform excellently in nonlinear and 
complex systems. In this study, the dynamic structure of the production 
system was successfully modeled using an artificial neural network. However, 
the number of data points and the sampling period used for training the 
system were limited. This may affect the model’s generalization capacity.

The findings supported by Pareto analysis and fishbone diagrams enabled 
the basic problems on the production floor to be identified within a broader 
framework. It was understood that the core problems encountered in material 
planning stem not only from technical issues but also from organizational 
and procedural deficiencies. In this regard, the socio-technical integration 
requirement frequently emphasized in literature supports the findings of this 
study.

In addition, the integration of predictions into the ERP system provided 
a significant advantage to managers in real-time decision-making processes. 
As emphasized by Ghadge et al. (2022) in the context of the green 
supply chain, digitalization positively affects not only production but also 
sustainability and resource efficiency.

In conclusion, this study offers a practical example of digital transformation 
through AI-assisted planning and ERP integration, while also contributing 
original insights to fill existing gaps in literature.

Future Work and Practical Implications

This study demonstrates the applicability of real-time data-driven 
forecasting systems integrated with ERP and MES in small and medium-
sized enterprises (SMEs) in the manufacturing sector. Expanding the model 
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to different production lines or multi-product systems may further optimize 
resource planning. In addition, a fully integrated MES-ERP infrastructure 
can be extended to include other functional modules such as supply chain 
management, maintenance planning, and workforce allocation, thereby 
evolving into a holistic digital transformation system.
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