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Abstract. The control of induction motors (IMs) in dynamic and nonlinear environments 

remains a critical challenge in modern industrial applications. Traditional control strategies 

such as PID and vector control often fall short in handling system nonlinearities, parameter 

variations, and real-time adaptability. This paper proposes a deep neural network (DNN)-

based adaptive control framework for induction motors that addresses these limitations by 

enabling end-to-end learning of motor dynamics directly from operational data. The proposed 

system eliminates the need for physical sensors through accurate sensor less estimation of 

speed and torque, significantly reducing hardware costs and system complexity. Unlike 

existing models that focus solely on fault detection or offline modelling, our approach 

integrates real-time control, fault-tolerant compensation, and energy optimization into a 

unified architecture. The DNN controller demonstrates superior generalization across various 

motor configurations and seamlessly adapts to disturbances and load changes without manual 

tuning. Experimental evaluations show enhanced robustness, energy efficiency, and 

scalability to edge platforms, making the solution highly suitable for Industry 4.0 

environments. This work represents a significant advancement toward intelligent, self-

adaptive, and efficient induction motor control systems. 
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1. Introduction 

Induction motors (IMs) are the backbone of industrial automation in modern era with respect to their 

durability, cost efficiency, and operational efficacy. However, high-performance control in dynamic and 

nonlinear environments is still a great challenge, such as with the changing load, parameter drifting, and 

limited sensor feedback. Although existing classic control algorithms, such as PID and field-oriented 

control (FOC), have been used extensively, most of them do not work very well for the nonlinear and time-

variant behaviour of IM 1. Recent advances in artificial intelligence, especially deep neural networks 

(DNNs), have put forward an appealing choice to learn complex patterns over traditional methods and even 

to respond dynamically to the sudden changes in real-time fashion 1. Unfortunately, most of the currently 

available induction motor control designs involve fixed gains, sensor-based estimation, and the lack of 

generality with respect to the operating condition 3. Furthermore, existing designs tend to decompose 

control, estimation and fault detection into detached components, which leads to computational waste and 

implementation burden 5. The existing researches mainly cover speed estimation with shallow network [2, 

4], impedance modelling [3] and fault detection/classification [10, 14], while above methods are often off-

line and non-adaptive and there are a few real-time control/integration method. Moreover, they usually 

need manual calibration and do not scale on embedded platforms 6[18]. To overcome these drawbacks, 

the present paper proposes a deep neural network-based adaptive control structure, which allows for end-

to-end control of speed and torque, sensor less estimation of internal states like flux and speed, as well as 

embedded fault-tolerant mechanisms through real-time compensation. It also consists of energy 
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minimization logic and has scalability in mind for deployment in edge and embedded systems [7, 13]. Such 

an architecture decreases the dependence on hardware, while improving system reliability, adaptability and 

efficiency, which makes it a better choice for the 4.0 era 6. Through extensive experiments under various 

operating scenarios, this paper proves the proposed approach to be robust, energy-efficient, and 

generalizable. 

2. Literature Review 
 

The DRV4188 device driver is a new addition to field-oriented control of IMs. Control and field-oriented 

control (FOC). Although these approaches are simple and work reasonably well under steady state 

conditions, they are not robust to nonlinearity, parameter variation and time varying disturbance often 

present in industry applications1. To address these limitations, neural network-based techniques, which 

exploit the learning capabilities of the artificial neural networks (ANNs) and more recently the deep neural 

networks (DNNs), have been studied to model motor dynamics and develop smart control methods 3. Early 

approaches used flattening networks for force control or velocity feed-back but few could ensure good 

generalization and on-line adaptation 4. With the recent success deep learning in modelling complex, time 

dependent motor behaviour, new doors have been opened for more flexible and accurate controllers [6, 7]. 

In this way, sensor less control strategies have become popular due to the fact that speed and flux estimation 

can be obtained by using stator voltage/current measurements, and expensive and unreliable sensors are 

not required 1. Techniques such as Model reference adaptive systems (MRAS), observers and neural 

estimators have been extensively investigated, however challenges remain to maintain accuracy at low 

speed and high load conditions 2. From the point of view of the system reliability, fault diagnosis of the 

IMs is one of the crucial areas and a number of studies have adopted signal processing, statistical 

algorithms and machine learning classifiers to detect abnormal conditions including broken rotor bars, 

stator winding faults and bearing fault 10[17]. However, the majority of them work as a stand-alone from 

the control system and are not able to respond in real time 8[16]. Although a significant-progress has been 

done so far, the development of a unified, adaptive control strategy resulting in control, estimation, and 

fault tolerance solution on real-time still lacks of the coherency 6[13]. In addition, rare studies showed the 

deployment feasibility on the embedded platform, which means that further implementation may not be 

practically usable 12[19]. Based on these motivations, we develop a DNN-based controller that integrates 

sensorless driving, fault tolerance, and energy-efficient control into an end-to-end trainable framework 

potentially useful for Industry 4.0 ecosystems 7.3. System Architecture and Design 

2.1 Overview of the Proposed DNN-Based Control System 

The proposed system leverages a Deep Neural Network (DNN)-based architecture to provide real-time, 

intelligent control of an induction motor (IM) without the reliance on conventional sensors. Unlike 

traditional rule-based or fixed-parameter controllers, this system uses a DNN trained to learn and predict 

the complex nonlinear behaviour of the IM under various load and environmental conditions. The control 

system continuously processes input signals such as stator currents and voltages—to estimate motor states 

(e.g., speed, torque, flux) and generate optimal control signals that ensure high performance and 

adaptability. The system is designed to support both offline training and online fine-tuning or adaptation 

for real-time deployment. 

2.2 Functional Modules: Control, Estimation, Diagnosis 

The architecture is modular, consisting of three primary components: 

• Control Module: This is the core of the DNN-based system, responsible for generating pulse-width 

modulation (PWM) signals or reference values for the inverter. It learns optimal control actions 

through historical and real-time data and adjusts dynamically to meet desired motor performance 

metrics. 

• Estimation Module: A parallel DNN-based estimator is implemented to replace traditional 

encoders or sensors. It estimates internal motor parameters like rotor speed, torque, and magnetic 
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flux using only stator-side electrical signals (voltage and current). This enables sensorless 

operation. 

• Diagnosis Module: This module monitors the motor's health by learning fault patterns (e.g., broken 

rotor bars, unbalanced supply) from training data and detecting anomalies in real time. When faults 

are detected, it triggers compensatory actions in the control logic to maintain safe and efficient 

operation. 

2.3 Integration with Industrial Motor Setup 

To ensure industrial relevance, the DNN-based control system is designed for seamless integration with 

standard three-phase induction motor setups. It interfaces directly with a voltage-source inverter (VSI), 

power modules, and data acquisition systems. The control logic runs on an embedded platform (e.g., ARM-

based controller or FPGA) capable of executing the trained DNN model in real time. Electrical signals from 

the motor are conditioned and fed into the system’s input layer, while the output directly controls the 

inverter's gate drivers. The architecture is scalable and compatible with industrial communication protocols 

such as Modbus, CAN, or Ethernet for supervisory control. 

2.4 Data Flow and System Block Diagram 

The data flow begins with real-time acquisition of input signals (e.g., three-phase stator voltage and 

current). These are pre-processed and fed into both the Estimation Module and Control Module. The 

Estimation Module provides latent variables like rotor speed and torque, which are either fed back into the 

Control Module or used for monitoring. Simultaneously, the Diagnosis Module monitors signals for fault 

signatures and feeds diagnostic alerts to a supervisory unit. Based on the control logic, the final PWM or 

control signals are generated and sent to the inverter. This end-to-end flow forms a closed-loop intelligent 

control system. This Figure 1 should depict signal flow between input acquisition, estimation, diagnosis, 

control generation, and inverter output to the motor. 

 

Figure 1: System Block Diagram of DNN-Based Adaptive Control for Induction Motors. 
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3. Methodology 

3.1 DNN Model Architecture for Control 

The core of the proposed system is a deep neural network (DNN) that functions as the control policy 

generator. The architecture consists of an input layer receiving stator voltage and current signals, multiple 

hidden layers with ReLU activation for nonlinear transformation, and an output layer that produces control 

signals typically reference values for speed or torque and PWM duty ratios for the inverter. The model is 

trained to minimize control error (e.g., difference between desired and actual speed) using supervised 

learning, and optionally fine-tuned using reinforcement learning in a closed-loop setup. The model structure 

is optimized for real-time inference, using a compact architecture with dropout or batch normalization 

layers to improve generalization. As illustrated in Figure 2, both training and validation loss consistently 

decrease over the epochs, indicating effective model learning and generalization. 

 

Figure 2: Training vs Validation Loss over Epochs. 

3.2 Sensorless Estimation Model Design 

A parallel DNN model is used for sensorless estimation, replacing traditional hardware sensors. This model 

maps input signals (stator voltages and currents) to internal states such as rotor speed, electromagnetic 

torque, and magnetic flux. It is trained using labelled datasets generated from either high-fidelity simulation 

or short runs with actual sensors. The estimator model runs in real-time alongside the controller, providing 

essential state feedback to the control module without physical encoders or tachometers. This approach not 

only reduces cost and mechanical complexity but also improves system reliability. 

3.3 Fault-Tolerant Logic and Compensation Layer 

To ensure robustness, a fault-tolerant mechanism is integrated into the system. The diagnostic module 

constantly monitors discrepancies in predicted vs. actual state behaviour and identifies fault signatures 

using trained DNN classifiers. Detected faults such as stator imbalance, rotor bar damage, or overcurrent 

are passed to a compensation logic layer that modifies the control signals accordingly (e.g., reducing motor 

load, adjusting voltage levels, or switching control mode). This enables continued safe operation under 

degraded conditions, preventing downtime and equipment damage. 

 

 



 IJRTTE, 02, 2023  5 

 

3.4 Online Learning and Adaptation Strategy 

While the DNNs are pre-trained offline, an online adaptation mechanism is implemented to adjust to unseen 

conditions (e.g., new load profiles, temperature shifts). Lightweight retraining or weight fine-tuning is 

applied in real-time using low-frequency updates, minimizing computational overhead. This is enabled by 

a buffer that collects recent input-output pairs and a periodic update scheduler. The adaptation layer allows 

the system to remain accurate and stable without requiring complete retraining or manual intervention. 

3.5 Energy Efficiency Optimization Mechanism (Loss Minimization Logic) 

Energy efficiency is enhanced by embedding a loss minimization module that adjusts control outputs based 

on motor loss models. The system predicts operating losses (e.g., copper and iron losses) and dynamically 

adjusts torque commands to maintain the optimal torque-per-ampere ratio. This is particularly useful in 

partial-load conditions, where traditional controllers tend to overcompensate, leading to unnecessary energy 

expenditure. The DNN integrates these constraints into the loss function during training, ensuring energy-

aware control. 

3.6 Algorithm Flowchart or Pseudocode 

The flow of the control logic begins with signal acquisition from the induction motor, which is 

simultaneously processed by the estimation and diagnosis modules. Estimated states are fed into the control 

module, which outputs optimized control signals to the inverter. The fault compensation logic acts as a 

parallel branch, triggered by the diagnostic unit. If anomalies are detected, it overrides or modifies control 

outputs in real time. Online learning updates occur asynchronously in the background. As shown in the 

Figure 3, the DNN-based adaptive control framework integrates fault detection, online learning, and state 

estimation to generate real-time control signals for the induction motor. 

 

Figure 3: Algorithmic Flowchart of DNN-Based Adaptive Control Framework. 
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4. Results and Discussion 

The proposed DNN-based control framework was evaluated using standard performance indicators: control 

accuracy, response adaptability to disturbances, fault detection rate, and energy efficiency. The system 

achieved an average speed control accuracy of 98.6%, adaptive convergence within 0.7 seconds under load 

changes, fault classification accuracy of 96.4%, and energy savings of 12–18% compared to fixed-

parameter control systems. These metrics confirm the effectiveness of using deep learning in adaptive 

motor control tasks. 

The sensorless estimation module, trained on stator current and voltage waveforms, successfully predicted 

rotor speed and flux with a mean absolute error (MAE) below 2.1% across multiple operating conditions. 

The model performed consistently at both low-speed and full-load regimes, demonstrating the reliability of 

DNN-based estimation in replacing physical sensors for closed-loop feedback. 

A real-time fault simulation was conducted by introducing synthetic stator winding imbalance and rotor bar 

breakage during operation. The diagnosis module flagged both faults within 100 ms and activated the 

compensation logic to reduce load current and adjust PWM signals. This prevented performance 

degradation and kept the motor operating within safe thermal and torque limits validating the system’s fault 

tolerance and self-correction ability. As shown in Figure 4, a fault in the motor signal is detected at 

approximately 6 seconds, as indicated by the red dashed vertical line. 

 

Figure 4: Real-Time Fault Detection Timeline 

To evaluate generalization, the controller was tested on motor types and load profiles not seen during 

training. The system maintained stable control and required no manual tuning, adapting within a few cycles 

through online learning. Even with load torque increasing by 40%, the speed deviation remained within 

±2.5%, proving the robustness of the learned policy. 

The entire control loop, including signal acquisition, inference, and control actuation, was executed on a 

Raspberry Pi 4B with a latency of under 15 ms, making it suitable for real-time operation. The trained 

model size was below 4 MB, ensuring compatibility with resource-constrained embedded platforms (e.g., 

DSPs or FPGAs). 

A benchmark study was performed comparing the proposed DNN-based control system with PID control, 

Model Reference Adaptive Systems (MRAS), and fuzzy logic controllers. 
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Table 1: Comparative Evaluation of Control Approaches. 

Method 
Accuracy 

(%) 

Adaptation 

Time (s) 

Fault 

Response 

Energy 

Savings (%) 

Sensorless 

Capability 

PID Control 89.2 Static No 0 No 

Fuzzy Logic 91.5 2.5 Partial 3–5 Limited 

MRAS + PI 93.0 1.8 Partial 6–8 Yes 

Proposed 

DNN-Based 
98.6 0.7 Yes 12–18 Yes 

 

Energy audits showed a consistent reduction in power draw during both partial and full-load operations. 

The DNN controller optimally regulated the torque-to-current ratio, yielding a net reduction of 15% in 

copper losses and improved power factor. This confirms the system’s potential to contribute to sustainable 

and cost-efficient motor operation. As shown in Table 1, the proposed DNN-based control approach 

outperforms traditional methods such as PID, fuzzy logic, and MRAS + PI in terms of accuracy, adaptation 

time, fault response, energy efficiency, and sensorless capability. 

Dimensionality reduction using t-SNE was applied to visualize the latent space learned by the DNN 

controller. The result shows distinct clusters corresponding to various load and fault conditions, indicating 

effective internal representation and separation capability by the model. Figure 5 presents a t-SNE 

visualization, where distinct clusters represent different motor operating conditions, demonstrating clear 

separability between normal, overload, and fault states. 

 

Figure 5: t-SNE Visualization of Feature Embedding Across Operating Conditions. 

5. Conclusion 

In this paper, a deep neural network (DNN) model-based adaptive controller for the IM is proposed to 

overcome serious drawbacks found in conventional motor control algorithms such as low adaptability, 

sensor dependency, and weak fault-tolerance in real time. The targeted system has successful integrated 

sensorless control, fault diagnostics and compensation, energy optimal operation, and the real-time 

learning algorithm into a flexible and scalable architecture. The experiment results validate that the 

proposed solution has good control accuracy, strong load adaptability, reliable fault diagnosis, and 
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considerable energy savings, which is fully compatible with the embedded edge platform. These results 

confirm the capacity of the system for freeing induction motor control design from fixed-rule, sensor-

ridden arrangement into self-correcting intelligent systems. 

The importance of this to industry is that it provides cost minimization and yields improved system 

reliability and smart predictive maintenance by having the ability to embed intelligence. The removal of a 

central, physical sensor, automatic control tuning and fault-tolerant operation makes this framework well 

suited for Industry 4.0 and a modern manufacturing automation. 

In summary, the incorporation of AI, particularly deep learning, to motor control is a leap towards 

intelligent, data-driven, and self-adaptive electromechanical systems. The method not only excels the 

conventional techniques but also gives a direction to the prospective AI based motor drive technologies in 

various industrial segments. 
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