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Abstract.  

In this paper, the development of an integrated intelligent system in the transformer 

manufacturing is introduced, which is based on the three modules of forecast, demand 

modelling and conversational AI and predictive maintenance. The solution to inefficiencies 

arising from isolated solutions. A Random Forest model predicts failures and a forecasting 

model optimizes inventory. Results indicate lowered downtime and more efficiency. It is 

suitable for usage in industrial automation and smart manufacturing. Keywords: predictive 

maintenance; machine learning; transformer manufacturing; automation; AI  

Keywords. Predictive maintenance, machine learning, transformer manufacturing, demand 

forecasting, conversational AI, industrial automation, artificial intelligence. 

1. INTRODUCTION 

Transformer manufacturing faces challenges related to equipment failures, inventory 

management, and customer service. These issues are often handled using separate systems, 

resulting in data silos and inefficient decision-making. This paper proposes an integrated 

intelligent system that combines predictive maintenance, demand forecasting, and 

conversational AI. The system aims to reduce downtime, improve inventory planning, and 

provide faster responses to operational and customer queries.  

2. RELATED WORK 

Machine learning techniques such as Random Forest, neural networks, and deep learning 

have been widely used for predictive maintenance and equipment health monitoring. 

Industry 4.0 and IoT technologies have also enabled large-scale data collection and 

intelligent decision-making. Similarly, conversational AI has been increasingly used for 

automated customer support. However, most existing solutions focus on these applications 

individually rather than integrating predictive maintenance, demand forecasting, and 

conversational AI into a single system. 
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3. PROPOSED INTEGRATED SYSTEM AND METHODOLOGY 

The proposed system integrates three intelligent modules: predictive maintenance, demand 

forecasting, and conversational AI. Operational data collected from a transformer 

production facility over 18 months was used for evaluation, including telemetry, 

maintenance, inventory, and customer data. The predictive maintenance module uses 

machine learning models to predict equipment failures, while the demand forecasting 

module supports inventory planning. The conversational AI module provides contextually 

relevant responses to operational and customer queries. By integrating these modules, the 

system enables better data sharing and coordinated decision-making across manufacturing 

operations. 

4. RESULTS AND DISCUSSION 

4.1. Predictive Maintenance Results 

The predictive maintenance models were evaluated using Accuracy, AUROC, Precision, 

Recall, and F2-score. Among the evaluated models, Random Forest achieved the best overall 

performance, with an accuracy of 91.3%, AUROC of 0.89, and F2-score of 0.85. Its recall 

of 0.86 indicates effective failure detection. 

Table 1. Predictive Maintenance Performance 

Model Accuracy AUROC Precision Recall F2-score 

Logistic Regression 0.823 0.81 0.72 0.69 0.70 

Random Forest 0.913 0.89 0.84 0.86 0.85 

XGBoost 0.901 0.87 0.82 0.83 0.83 

LSTM 0.887 0.85 0.79 0.84 0.82 

 

The combined use of telemetry, temporal, and historical features achieved better 

performance than individual feature groups.  

 

4.2. Demand Forecasting and Operational Results 

The demand forecasting model achieved an sMAPE of 8.7% and a MASE of 0.83. Higher 

forecasting accuracy was observed for high-volume SKUs compared with low-volume 

products. The integrated system also showed significant operational improvements, 

including reduced downtime, improved inventory turnover, and faster query resolution. 

Table 2. Operational Performance Comparison 

Metric Baseline With System Improvement 

Downtime (hrs/month) 47.3 31.2 ↓34% 
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Inventory Turnover 4.2 5.4 ↑28.6% 

Query Resolution 8.4 2.8 ↓66.7% 

These results demonstrate that integrating predictive maintenance, demand forecasting, and 

conversational AI can improve coordination and operational efficiency in transformer 

manufacturing.  

5. CONCLUSION 

This study developed an integrated AI system for transformer manufacturing combining 

predictive maintenance, demand forecasting, and conversational AI. Random Forest 

achieved 91.3% accuracy, while forecasting achieved 8.7% sMAPE. The system reduced 

downtime by 34%, improved inventory turnover by 28.6%, and reduced query resolution 

time by 66.7%. Future work will evaluate the system across multiple facilities and longer 

periods.  
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