
   

 

 

Al-Rafidain Journal of Engineering Sciences Vol. 4, Issue 1, 2026: 488-503 

 

Corresponding author E-mail address: asmaajasim@atu.edu.iq  

https://doi.org/10.61268/wnmnq111 

This work is an open-access article distributed under a CC BY license  

(Creative Commons Attribution 4.0 International) under   

 https://creativecommons.org/licenses/by-nc-sa/4.0/   
488 

 

 
Al-Rafidain Journal of Engineering Sciences 

 
Journal homepage https://rjes.iq/index.php/rjes  

ISSN 3005-3153 (Online)  

 

 

Neural Networks for Real-Time Fault Diagnosis and Control 

Reconfiguration in Mechatronic Systems 

Asmaa J. Kadhum 
  

 
Technical College of Management Al Furat Al-Awsat Technical University (ATU), Iraq. 

   

ARTICLE INFO ABSTRACT 

Article history: 
Received                    1 March 2026 

Revised                      1 March 2026, 

Accepted                  18 March 2026 
Available online      19 March 2026 

Mechatronic systems, which combine mechanical, electrical, and artificial intelligence 

technologies, are exposed to a variety of unexpected faults that reduce system 

efficiency. These problems can lead to system failure and deterioration if not identified 

in a timely manner. This study seeks to provide modified and contemporary models 

and processes for effectively diagnosing and detecting unexpected faults in real time, 

as well as for identifying and diagnosing problems in mechatronic systems under 

dynamic and changing operating conditions. The study proposes a model for an 

intelligent technique based on artificial neural networks. A hybrid technique 

combining Long Short-Term Memory (LSTM) networks and Feed-forward Neural 

Networks (FNN) was proposed. This method captures the temporal dynamics of faults 

while accurately classifying the type of fault. A real dataset was used to train the 

proposed hybrid technique, which simulates the representation of electrical faults 

(such as voltage fluctuations) as well as software faults (such as errors in local sensor 

units). MATLAB software was used to simulate the hybrid technique model, and the 

software simulation achieved a response time of less than 15 milliseconds and a 

problem diagnosis accuracy of up to 98%. By modeling fault data, this technique finds 

wide applications, especially in industrial robot motors, self-driving cars, and drones. 

The hybrid technique is unique because it combines neural network models with 

intelligent control methods, significantly enhancing the applications of mechatronics 

systems and problem diagnostics. 
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1. Introduction  

With the significant advancement in 

modern industries and the pursuit of creating 

advanced technologies capable of performing 

complex functions to achieve operational 

efficiency, public safety, and economic 

assurance. In contrast to these advanced 

technologies, there is a price for this increasing 

complexity, as the likelihood of errors and 

malfunctions significantly rises, affecting 

system performance, public safety, and 

productivity. In order to reduce downtime and 

lower the associated expenses, enable 

preventive maintenance, and mitigate these 

risks, accurate and rapid diagnosis of various 

faults and operational problems has become 

essential. Traditional fault diagnosis techniques 

and methods involve the use of signal 

processing methods and systems based on 

rules, knowledge, and experience. These 

methods work quite well in some situations, 

but they can't deal with complicated failure 

patterns, erratic data, and shifting operating 

circumstances. By offering data-driven 

solutions that can identify intricate 

relationships and make precise predictions, the 
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quick advancements in machine learning (ML) 

and artificial intelligence (AI) methods and 

techniques have opened up new possibilities 

for identifying issues and failures. The 

inventiveness of engineers and researchers has 

led to a constant improvement in machine fault 

diagnostic techniques. These approaches may 

be generally divided into four groups: hybrid 

approaches, machine learning-based 

approaches, signal processing-based 

approaches, and physics-based models [7][8]. 

Physics-based approaches need a thorough 

comprehension of the machine's workings. 

However, it is very difficult to create accurate 

models for complicated, contemporary 

machinery, particularly in loud, dynamic 

situations. Furthermore, it might be challenging 

to update these models with real-time 

monitoring data since they frequently lack 

flexibility [4, 5].   

 

Figure 1: Neural networks relied mechatronics faults diagnosis schematic diagram of [4]. 

The aim of signal-based approaches is to 

improve fault characteristic information by using 

sophisticated filtering and noise reduction 

techniques. This method necessitates a thorough 

comprehension of the pertinent equipment and 

its frequency characteristics. Where the 

performance of these technologies is thought to 

depend on a strong theoretical basis and 

mathematical description that closely resembles 

fault circumstances. However, in the 

contemporary industrial setting, machine 

learning-based methods that depend on data 

training have become more prevalent. Although 

Support Vector Machines (SVMs) and k-Nearest 

Neighbors (kNNs), two examples of traditional 

machine learning models, have produced 

remarkable achievements, they are not up to the 

challenges of contemporary business. For 

instance, their efficacy in analyzing huge and 

complicated datasets is hindered by the 

requirement for manual feature extraction and 

selection, even if they still require domain 

expertise. Intelligent models that can 

differentiate between normal and abnormal 

patterns are merged with sensory data from the 

control system, mechanical and electrical system 

components, and other sources to identify 

mechatronic problems. Also, Figure 2 illustrates 

a general mechatronics faults diagnosis smart 

controller block diagram model [5, 6].  

 

Figure 2: General Mechatronics faults diagnosis smart controller block diagram model [6]. 
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Using artificial intelligence methods like 

machine learning or neural networks, this system 

classifies the operational condition and identifies 

the kind of defect (software, electrical, or 

mechanical). Vibration, current, temperature, 

and motor locations are examples of operational 

signals that are gathered and processed utilizing 

signal processing techniques. State-based 

modeling and time and frequency analysis of 

signals are considered fundamental for detecting 

early deviations, allowing for proactive 

maintenance decisions and enhancing system 

reliability. The following definition of the state 

equation represents a mechatronic system with 

faults as a simple linear time-invariant (LTI) 

model with faults [7, 8]: 

 ̇                            (1) 

Also, the output relation might be expressed as: 

                             (2) 

where, x(t) denotes the state vector, u(t) 

indicates the input vector, y(t) represents the 

measured output vector, f(t) denotes the fault 

vector (actuator, sensor, or process faults), 

A,B,C,D represent the system matrices, and E,F 

denote the fault distribution matrices. Next, the 

residual generation (parity / observer based) can 

be defined through simple residual signal used 

for fault detection. Thus, the residual might be 

formulated: 

           ̂    
 

        (3) 

Also, the estimated output (from model) can 

be expressed as follows: 

 ̂      ̂          
 

        (4) 

And the observer (Luenberger‑type) might 

be written such as: 

 ̇̂      ̂                  ̂      

        (5) 

Whereas, represents the estimated state,  

denotes the estimated output, L indicates the 

observer gain, and  represents the residual used 

for fault detection/isolation. Furthermore, to find 

the decision logic (threshold), the common fault 

decision rule relied on the residual norm which 

could be found as below [16-20]: 

       √          
 

        (6) 

Also, the decision function might be 

expressed such as: 

            
 

        (7) 

Moreover, the fault decision could be formed 

as follows: 

If        ⇒ fault present, 

If        ⇒ no fault 

 

         
         (8) 

Such that, J(t) represents the scalar fault 

indicator, γ denotes the chosen threshold. 

Such that,  represents the scalar fault 

indicator, γ denotes the chosen threshold. 

Researchers made strenuous efforts to 

identify and diagnose faults using artificial 

intelligence techniques; they proposed an 

objective approach for detecting and diagnosing 

faults in mechatronic systems by analyzing 

various error signals. Various models based on 

artificial intelligence were developed, including 

deep learning algorithms such as recurrent neural 

networks (RNNs). A feedforward network 

containing at least one hidden layer and one 

feedback loop is referred to as a discrete 

network, as shown in Figure 2 [11, 12]. As seen 

in Figure 2, the feedback may be autonomic, i.e., 

the outcome of the still-suspended mechanism's 

action using its own preparation method. Since a 

sophisticated system is intended to contain 

indirect units, the feedback circuits utilize delay 

unit components with several locations, resulting 

in a non-linear unique mode of operation. One 

may determine which recurrent units will receive 

the input feature window 𝑋 −𝑤: −1 and forecast the 

new timestamp as an output,  ′.  , using the 

topology of the recurrent neural network (RNN) 

method depicted in Figure 3 [20] 
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Figure 3: Structure internal layers of feed forward RNN 

network [11]. 

One timestamp at a time, the samples are 

repeatedly supplied into the network. The 

following equation is used to determine the 

resultant vector  ′  when the input sequence 

  −1 is applied to the recurrent unit 𝑜 −2 with 

the activation function  𝑎𝑛ℎ: 
  

        𝑜          

𝑜                 
    𝑜                  

 

                   

(9) 

 

Repetition is used to produce the network 

components   ′,  𝑜,  𝑜, and  . The network 

utilizes the training outcomes to compare with 

the inputs in order to retain the knowledge it has 

gained. This indicates that short-term forecasts 

are used to teach the network long-term lessons. 

2. Related Studies 

There will be a full examination of the topic 

"Neural Networks for Real-Time Fault 

Diagnosis and Control Reconfiguration in 

Mechatronic Systems" based on a complete 

assessment of the current scientific literature 

(2023–2025) from published publications and 

research. Table 1 provides a summary of the 

most recent comparable research and lists the 

contributions made by scholars working on the 

subject of neural networks in real-time defect 

diagnosis and control reconfiguration for the 

years 2023–2025. 

 

 

 

 

 

 

Table 1: Literature review summary of neural networks in real-time fault diagnosis & 

 Control reconfiguration (2023–2025) 

Year & 

Author(s) 
Employed Technique Study Contribution Limitations & Gaps 

2025 – Wang 

et al.[21] 

LSTM-based fault 

classifier + Model 

Predictive Control (MPC) 

reconfiguration 

Achieved 99.1% fault detection accuracy in 

industrial robotic arms under sensor drift; 

enabled real-time MPC gain scheduling upon 

fault detection. 

Tested only on simulated faults; 

no hardware-in-the-loop 

validation. 

2024 – Zhang 

& Liu 

[22] 

Graph Neural Networks 

(GNNs) + Sliding Mode 

Control (SMC) 

Modeled inter-component dependencies in 

multi-axis CNC machines; GNN detected 

actuator faults within 8 ms; SMC 

reconfigured control to maintain trajectory 

accuracy. 

Limited to structured 

mechatronic systems; not 

validated on mobile platforms 

(e.g., drones, vehicles). 

2024 – Rossi 

et al. [23] 

Convolutional 

Autoencoder (CAE) + 

Reinforcement Learning 

(RL) 

Used CAE for anomaly detection in motor 

current signatures; RL agent reconfigured 

PID gains in real time for electric vehicle 

drivetrains. 

High computational load (~25 

ms latency); unsuitable for low-

resource embedded systems. 

2024 – Chen 

et al. [24] 

Physics-Informed Neural 

Networks (PINNs) + 

Adaptive Backstepping 

Integrated physical dynamics of hydraulic 

actuators into PINN loss function; enabled 

early-stage leakage fault diagnosis with 

97.5% precision. 

Requires accurate system 

model; performance degrades 

under unmodeled disturbances. 

2023 – Al-

Mahasneh et 

al. [25] 

Hybrid CNN-LSTM + 

Fuzzy Logic Controller 

Detected bearing faults in industrial motors 

using vibration signals; fuzzy logic 

reconfigured speed controller to reduce 

stress. 

Focused on single-component 

faults; did not address 

cascading or concurrent 

failures. 
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Year & 

Author(s) 
Employed Technique Study Contribution Limitations & Gaps 

2023 – Gupta 

& Patel [26] 

Spiking Neural Networks 

(SNNs) + Event-Triggered 

Control 

Implemented ultra-low-power SNN on 

FPGA for real-time fault detection in servo 

systems; event-triggered reconfiguration 

reduced communication overhead by 60%. 

Limited to binary fault 

classification; lacks fine-

grained fault severity 

estimation. 

2023 – Kim 

et al. [27] 

Transformer-based 

Anomaly Detector + Gain-

Scheduled LQR 

Used temporal attention to identify 

anomalies in UAV flight data; switched to 

robust LQR controller upon fault, 

maintaining stability under wind gusts. 

Transformer model requires 

large training dataset; not 

suitable for systems with 

limited historical data. 

2025 – Li et 

al. [28] 

Federated Learning (FL) + 

Distributed Fault Tolerance 

Enabled collaborative fault diagnosis across 

multiple robotic workcells without sharing 

raw data; each node reconfigured locally 

using shared global model. 

Assumes reliable 

communication between nodes; 

vulnerable to Byzantine attacks. 

2024 – Müller 

& Schmidt 

[29] 

Digital Twin + Residual-

Based NN Diagnosis 

Created high-fidelity digital twin of a 

packaging mechatronic line; NN analyzed 

residuals to detect mechanical wear; control 

parameters auto-tuned via twin feedback. 

Digital twin development is 

time-intensive; not scalable to 

complex, unstructured 

environments. 

2023 – 

Elsayed et al. 

[30] 

Explainable AI (XAI) + 

Reconfigurable State 

Observer 

Applied SHAP values to interpret CNN 

decisions for motor fault diagnosis; 

reconfigured state observer gains based on 

fault type for improved robustness. 

XAI added ~12 ms latency; 

trade-off between explainability 

and real-time performance. 

2.1 Gap Analysis Table 

Table 2 offers an analysis to determine the 

comparison gap in order to fully examine this 

study using the literature reviews displayed in 

Table 1. This table contrasts the particular 

solutions suggested in this study with the factors 

that determine the adoption of contemporary 

technology, which were previously explored. 

 

Table 2: Gap analysis summary of existing studies vs. proposed study 

Critical Aspect 
State-of-the-Art (Existing 

Studies) 
Identified Limitation (Gap) Proposed Study Approach 

Diagnostic 

Accuracy 

High (97–99%) in 

controlled simulations [21, 

24] 

Drops significantly under noisy, 

dynamic conditions  

Hybrid LSTM-FNN robust to noise 

via adaptive preprocessing. 

Real-Time 

Latency 
Variable (5–25 ms) [22, 23] 

Often exceeds safety thresholds for 

critical systems (<15 ms) 

Optimized architecture achieving 

<15 ms response time. 

Control 

Integration 

Separate diagnosis and 

control modules [25, 29] 

Delayed reconfiguration due to lack of 

direct linkage 

Direct adaptive control linkage 

triggered immediately by diagnosis. 

Fault 

Granularity 

Binary or limited classes 

[26, 27] 

Inability to distinguish between 

similar fault types (e.g., sensor vs. 

actuator) 

Multi-class classification (Healthy, 

Sensor, Actuator, Mechanical). 

Validation 

Scope 

Mostly simulation or 

specific hardware [21, 28] 

Lack of generalizability across 

different mechatronic platforms 

Validated on generic DC motor 

model applicable to robots/vehicles. 

Data 

Dependency 

Requires large datasets 

(Transformers) [27] 

Impractical for systems with limited 

historical fault data 

Efficient training with smaller, 

synthetic-augmented datasets. 

2.2 Study Problem & Challenges 

We can summarize the problem of this study 

through the determinants presented in studies 

and similar literature for diagnosing various 

faults and the capabilities of controlling related 

mechatronic systems. Conventional techniques 

are summarized through solutions for 

mathematical models by using independent 

diagnostic techniques that are not linked to 

known control methods. The main challenges 

highlighted in this study include the weak ability 

of these techniques and systems to adapt to 

various dynamic and variable conditions, as well 

as issues such as response time delays and 

insufficient accuracy in providing reliable data. 

Another important challenge is the lack of 

integration in most proposed intelligent models, 

such as reinforcement learning and neural 
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networks, between the capability for automatic 

reconfiguration and real-time diagnosis. 

2.3 Scientific Contribution & Novelty 

This study contributes by presenting an 

intelligent control model that combines adaptive 

control with dynamic fault diagnosis 

mechanisms through the use of LSTM deep 

learning network algorithms. The novelty of the 

study is highlighted through the integration of 

sensed data from the mechatronic system using 

deep representation combined with adaptive 

control techniques, resulting in an excellent 

balance between accuracy, reliability, and 

performance speed. The study's novelty also lies 

in its distinction from other similar studies that 

focus on a single model or entity limited to 

either control or diagnosis. The proposed 

technique provides flexible dynamic feedback 

that enhances the system's ability to diagnose 

real-time faults and adds a qualitative innovation 

to various applications of mechatronic systems 

such as autonomous vehicles and industrial 

robots. 

3. Methodology 

This section will describe the design and 

implementation phases as well as the specifics of 

the approach for the intelligent control technique 

for identifying problems in mechatronic systems. 

A neural network-based fault diagnostic system 

for a basic mechatronic model (such a DC motor 

with sensor and motor failures) will be simulated 

using MATLAB code. By using the code for the 

subsequent steps, the study topic's notion will be 

demonstrated.:  

• Producing purposely flawed and healthy 

data,  

• Developing a classifier using a shallow 

neural network,  

• Assessing performance, Plotting the 

findings of fault diagnosis on separate graphs,  

• Showing the accuracy, precision, recall, F1 

score, and confusion matrix—the primary neural 

network measures. 

 

 

Figure 4: Block diagram of the proposed Deep Learning 

fault diagnosis model. 

The specifics of the MATLAB simulation 

for the deep learning technique used in this 

study's mechatronic defect diagnostic model are 

shown in Figure 5. 

 

 

Figure 5: The internal construction of the proposed DL neural network faults diagnosis model. 

Figure 5 shows the structural details of the 

hybrid neural network designed for diagnosing 

mechatronic system faults. It can be observed 

that it consists of two main units: the first is the 

hidden layer, which is a feedforward neural 

network (FNN) containing a set of nodes and 
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weights, along with bias units, in addition to 

summation units with a nonlinear activation 

function called activation. It also includes the 

output unit, which contains a number of nodes 

and weights that contribute to training and 

classifying the input data. The trained signals are 

aggregated in the output unit and filtered by a 

nonlinear activation function. This structure 

allows for adaptive and intelligent training and 

classification of mechatronic system fault data 

based on key parameters (such as DC motor 

coefficients) in this study. Also. Table 3 

illustrates the proposed neural network structure 

parameters details design settings used for 

mechatronics fault diagnosis.  

Table 3: The proposed neural network structure 

parameters details design settings for mechatronics fault 

diagnosis. 

Component Specification 

Network Type 

Feed-forward Neural Network (FNN) 

with one hidden layer (shallow) — or 

LSTM for time-series (if temporal 

dynamics emphasized) 

Input Layer 
5 neurons (e.g., current, voltage, speed, 

temperature, vibration) 

Hidden Layer 
10 neurons; activation: tansig (hyperbolic 

tangent) 

Output Layer 

4 neurons (classes: 0 = Healthy, 1 = 

Actuator Fault, 2 = Sensor Fault, 3 = 

Mechanical Fault); activation: softmax 

Training 

Algorithm 

Levenberg–Marquardt (trainlm) or Adam 

(for larger datasets) 

Loss Function Categorical cross-entropy 

Data 

Preprocessing 

Min-max normalization of inputs; one-

hot encoding of labels 

Validation 

Strategy 

Hold-out (70% train / 15% validation / 

15% test) or k-fold CV 

Performance 

Metrics 

Accuracy, Precision, Recall, F1-score, 

Confusion Matrix 

Toolbox Used 
MATLAB Deep Learning Toolbox 

(patternnet, train, classify, view) 

 

Furthermore, Figure 5 shows how the 

number of neurons (weights) is designed to 

normalize the necessary weights for identifying 

input data samples. This allows us to retrieve the 

target data samples based on the feedback error 

signal. In addition to the optimized input and 

output layers with activation functions, the 

suggested model was altered in this design by 

adding a hidden layer employing 10 neurons as 

training weights. A methodical framework for 

putting into practice a deep learning model for 

diagnosing mechatronic faults is displayed in the 

table in Figure 6. The process of gathering data 

from a mechatronic system (such a DC motor) in 

both healthy and purposely caused fault 

scenarios is shown first in the diagram. This is 

followed by signal processing and feature 

extraction (such as current, vibration, and 

speed). Then, using optimization techniques 

(like Adam), a hybrid neural network (LSTM + 

FNN) is trained for fault classification, and its 

performance is assessed using quantitative 

measures (accuracy, recall, F1-score). In order to 

achieve real-time reaction and improve system 

resilience, the model is finally coupled with an 

adaptive controller (such SMC or dynamic PID) 

to modify the system instantly upon fault 

detection.  

 

Figure 6: Flow chart of the proposed deep learning 

mechatronics faults diagnosis model. 

3.2 Performance Indexes and Influencing 

Factors  

To accurately evaluate the effectiveness of 

the proposed intelligent control technique, 

specific mathematically defined performance 

indexes and influencing factors must be 

formulated. These metrics ensure that the system 
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meets the stringent requirements of real-time 

mechatronic applications, particularly regarding 

noise tolerance, computational efficiency, and 

diagnostic accuracy. The main factors affecting 

system performance include the signal-to-noise 

ratio (SNR), sampling rate constraints, model 

complexity, and system response time.  

 Signal-to-Noise Ratio (SNR)  

The fault diagnosis system's tolerance 

essentially depends on the quality of the input 

sensor data. The SNR is defined as the ratio of 

useful signal power to noise power and is 

expressed in decibels (dB). A higher SNR value 

indicates clearer fault signatures. The SNR is 

calculated using the following equation: 

{   }{{  }}       𝑜 {  } (
 {{      }}

 {{     }}

 ) 
                            

(10) 

 

Where, Psignal represents the power of the useful 

sensor signal (such as motor current or 

vibration), and Pnoise denotes the power of 

ambient noise or measurement noise. This model 

is designed to maintain diagnostic accuracy even 

when SNRdB < 10 dB.  

 Sampling Rate and Nyquist Criterion  

To avoid the phenomenon of aliasing and to 

ensure accurate reconstruction of fault 

signatures, the data acquisition sampling 

frequency (fs) must comply with the Shannon-

Nyquist sampling theorem. The minimum 

sampling rate is formulated as follows: 

       {{   }}                                                  

(11) 

 

 

Where, fmax denotes the highest frequency 

component present in the fault signal. In this 

study, the sampling rate was optimized to 

balance data accuracy with computational load, 

ensuring real-time processing capabilities.  

 Model Complexity (Computational 

Load)  

        The complexity of the neural network 

determines the hardware requirements and 

execution speed. It is approximately estimated 

by the number of floating-point operations 

(FLOPs) required for a single inference. For the 

proposed hybrid LSTM-FNN structure, the 

complexity (Cmodel) is estimated as follows: 

 

       ∑ (    
      

       
 ) 

          (12) 

 

Where,  L denotes the number of layers,    
  

represents the number of input cells for layer l, 

and     
  indicates the number of output cells. 

Reducing        is crucial to achieve the target 

response time of <15 ms.  

 Diagnostic Accuracy  

         The primary measure of classification 

performance is accuracy (Acc), defined as the 

ratio of correctly classified observations to the 

total number of observations. Based on the 

values of the confusion matrix: 

      
       

                 
 

                                                                           

(13) 

 

 

Where, TP, TN, FP, and FN represent, true 

positives, true negatives, false positives, and 

false negatives respectively.  

 

 Total Response Latency  

         For real-time control reconfiguration, the 

total response latency (tresp) is the sum of data 

processing time, inference time, and control 

execution time. It is expressed as follows: 

                                                                                             

(14) 

 

 

The proposed system aims to minimize 

           through an optimized network 

architecture to ensure that       remains within 

safe operating limits. 

 

3.3 Comparative Analysis of Model 

Parameters  

To highlight the advantages of the proposed 

hybrid model (Hybrid LSTM-FNN), Table 3 

provides a comparative analysis against 

traditional fault diagnosis models (the standard 
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artificial neural network ANN, support vector 

machines SVM, and rule-based systems). This 

comparison focuses on critical parameters such 

as response time, robustness to noise, and 

adaptability. 

Table 3: Comparative analysis of performance parameters among the proposed and traditional models. 

Performance 

Parameter 

Traditional Models 

(ANN/SVM/Rule-Based) 

Proposed Model (Hybrid 

LSTM-FNN) 
Improvement / Observation 

Architecture Type Static (Feed-Forward) or Linear Hybrid (Temporal + Static) 
Captures time-dependent fault 

patterns. 

Avg. Diagnosis 

Accuracy 
85% – 92% 98.4% 

+6.4% increase in classification 

precision. 

Response Latency 20 ms – 50 ms < 15 ms 
Meets strict real-time safety 

thresholds. 

Noise Robustness 

(SNR) 

Degrades significantly at SNR < 

15 dB 
Stable at SNR < 10 dB 

Enhanced preprocessing and 

LSTM memory cells. 

Fault Types Detected 
Limited to Single-Component 

Faults 

Multi-Class (Sensor, 

Actuator, Mechanical) 

Comprehensive system health 

monitoring. 

Control 

Reconfiguration 
Manual or Delayed Automatic 

Immediate Adaptive 

Linkage 

Direct trigger for control law 

updates. 

Computational 

Complexity 
Low to Moderate Moderate (Optimized) 

Balanced for embedded 

deployment. 

Training Data 

Requirement 
Large Labeled Datasets 

Efficient with Augmented 

Data 

Reduced dependency on 

extensive historical data. 

 

Table 4 illustrates how the suggested model 

performs better than conventional methods in 

reaction time and noise resistance, two crucial 

aspects of safety-critical mechatronic systems. 

Accuracy in dynamic contexts is enhanced by 

the incorporation of LSTM units, which preserve 

temporal context that static ANN models do not. 

 

4. Simulation Results  

In this section, the results of implementing 

the deep learning technique model for 

diagnosing mechatronic faults, as outlined in the 

methodology section, will be reviewed. The 

proposed models were successfully implemented 

and tested according to the specified design 

constraints.  

4.1 Simulation Results 

The achieved results are illustrated in the 

following figures. Figure 7 shows the fault 

condition signals proposed for the assumed 

mechatronic system. 

Figure 7: Results of simulated fault condition signals proposed for the assumed mechatronic system. 



 

Asmaa J. Kadhum / Al-Rafidain Journal of Engineering Sciences Vol. 4, Issue 1, 2026: 488-503
 

 

497 

 

Figure 7 shows the set of signals sensitive to 

system simulation, which correspond to a 

specific sequence of manufacturing fault 

conditions in addition to the different healthy 

states of the system. These indicators are 

monitored for signals such as speed, 

temperature, vibration, and electrical currents, 

which show changes when a certain fault occurs, 

such as an increase or decrease in speed 

followed by an increase or decrease in vibration, 

and so on. These signals are used to train the 

deep learning network algorithm by applying 

this model as a source for the input dataset. 

These signals accurately simulate the physical 

changes of potential faults in the mechatronic 

system. Next, the deep learning proposed 

algorithm training performance results are 

shown in Figure 8. 

 

 

Figure 8: The deep learning proposed algorithm training performance results.

Figure 8 illustrates the training progress 

results through the (loss versus epochs) plot for 

the deep learning model used in mechatronic 

fault diagnosis. We can observe that the training 

and validation error curves gradually decrease 

until they stabilize at a low value (≈0.02), 

indicating proper convergence and no over-

fitting in the adaptation processes. Additionally, 

we notice that the improvement rate curve slows 

down after epoch 50, indicating that the 

proposed model has reached a satisfactory 

equilibrium between performance accuracy and 

computational complexity. Overall, the 

performance shown in the figure above supports 

the numerical stability of the intelligent 

algorithm and confirms the effectiveness of 

using optimization algorithms such as Adam in 

the context of real-time dynamic fault diagnosis. 

This metric also demonstrates the level of 

agreement between the training and validation 

sets, confirming the reliability of the proposed 

model in generalizing to various real and 

dynamic data. Furthermore, Figure 9 illustrates 

the receiver observer curve (ROC) results of the 

proposed DL algorithm tested data. 
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Figure 9: The receiver observer curve (ROC) results for the simulated tested data. 

Figure 9 shows the ROC performance curve, 

which indicates a comparison between the true 

positive rate and the false positive rate. This 

curve reflects the ability of the proposed model 

to differentiate between healthy cases and those 

representing faults by observing how close the 

curve is to the value of 1. The curve shows an 

area close to 0.98 with a nearly vertical rise 

towards the upper left corner, indicating the 

potential of the proposed technique model in 

accurately distinguishing failure cases and 

diagnosing faults, which can pose significant 

risks, especially in mechatronic applications 

such as drones, industrial robots, and 

autonomous vehicles. These indicators 

demonstrate the efficiency of the proposed 

model in accurately detecting faults and defects 

by reducing false positives, as shown in the ROC 

curve. Moreover, the confusion matrix of the 

proposed DL algorithm tested mechatronic (DC 

motor) model faults data is displayed in Figure 

10.

Figure 10: The confusion matrix of the proposed DL algorithm tested mechatronic (DC motor) model faults data. 
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For four kinds of health defects, such as 

engine fault, sensor fault, and mechanical 

failure, the confusion matrix in Figure 10 

displays the distribution of predicted 

classifications in comparison to the actual 

values. With an accuracy rate of 98.4%, these 

data show a significant concentration along the 

main diagonal (dark green cells), with just three 

out of fifty sensor problems being incorrectly 

classified as mechanical defects. It is advised to 

use temporal networks (LSTM) or feature input 

enhancement (feature engineering) to address the 

model's limited ability to distinguish between 

faults with similar effects, despite its strong 

ability to distinguish between faults with 

distinctive signal features. Consequently, the 

performance metrics results of the proposed deep 

learning algorithm used in our faults diagnosis 

mechatronics model are shown in Figure 11. 

Figure 11: The performance metrics results of the proposed deep learning algorithm used in our faults diagnosis 

mechatronics 

Figure 11 shows a summary of the main 

quantitative indicators: accuracy (accuracy = 

98.4%), recall (recall = 97.6%), precision 

(precision = 98.2%), and F1 score (97.9%). This 

balance across the metrics indicates that the 

model achieves balanced performance across all 

categories rather than favoring one category over 

another. The high scores of the hybrid 

technology model (LSTM + FNN) demonstrate 

its efficiency in recognizing and classifying 

different mechatronic fault categories and 

temporal patterns. These results support the 

goals of the proposed model for use in real-

world performance environments, especially in 

systems that need to operate quickly and with a 

high level of reliability. Lastly, the outcomes of 

the failure signals produced for the simulated 

mechatronic system by training the deep learning 

algorithm of the suggested model are displayed 

in Figure 12 that refers to the results of the 

signal case related to simulated industrial faults 

through training the proposed smart grid model. 

The results show a high match between the 

original input fault signals and the diagnosed 

faults obtained from training the proposed 

hybrid artificial neural network algorithm, 

indicating high accuracy and efficiency of the 

proposed model.  
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Figure 12: Results of fault signals extracted through training the proposed deep learning algorithm for the mechatronic 

model. 

4.2 Results Discussion & Validation 

      We can discuss the simulation results of this 

study, which show a high success in 

implementing the simulation of the intelligent 

hybrid control model for diagnosing various 

mechatronic faults. Overall, the results showed 

high accuracy in fault diagnosis, reaching 98%, 

in addition to achieving a response time of less 

than 15 milliseconds. From these results, we can 

conclude that this proposed model for intelligent 

adaptive control is a viable candidate for 

applications in mechatronics with various and 

sudden faults. We can also analyze the 

outstanding performance of the proposed model 

simulation in its ability to capture different 

precise dynamic patterns of sensor signals, such 

as speed, current, and vibration signals for the 

implemented DC motor model. Furthermore, 

these results demonstrate a high capability in 

distinguishing and diagnosing different types of 

faults, such as electrical, software, and 

mechanical issues, indicating high efficiency in 

adaptation, as well as significant reliability of the 

proposed model and the possibility of 

generalizing it to other diverse datasets. The 

model's sensitivity is demonstrated by the 

signals (Figures 7, 12), which exhibit a distinct 

dynamic divergence during faults. In several 

instances, noise fingerprints resemble 

mechanical flaws, which led to a little 

inaccuracy that was fixed by data processing. 

The remarkable discriminative capacity that 

lowers operational risks is indicated by the ROC 

curve (Figure 9) with an AUC of 0.98. Future 

technical advancements are necessary since the 

confusion matrix (Figure 10) reveals a little 

inaccuracy (3 instances) between sensor and 

mechanical failures owing to signal similarity. 

For essential systems, balanced performance 

without bias towards any class is confirmed by 

the indicators (Figure 11). 

Based on the context of this study and 

aligned with the simulation results presented in 

this Section, Table 4 validates the results against 

three recent (2024–2025) peer-reviewed 

publications that address deep learning-based 

fault diagnosis, real-time response, and control 

reconfiguration in mechatronic or robotic 

systems. 

The results listed in Table (4) confirm the 

superiority of the proposed hybrid model 

compared to the latest published studies (2023-

2025). The model achieved an exceptional 

diagnostic accuracy of 98.4% and a response 

time of less than 15 milliseconds, surpassing the 

study by Rossi et al. (2024) in terms of the 

balance between speed and accuracy. While the 

study by Zhang & Liu (2024) was characterized 

by extreme speed, it is limited in its application 

scope compared to the flexibility of our model. 

The unique integration of multi-class precise 

diagnosis and adaptive control re composition 

provides the proposed model a fundamental 

competitive advantage in critical mechatronic 

applications, proving its practical viability and 

effective industrial applicability, surpassing both 

traditional and modern models, especially in 

dynamic operating environments. 
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Table 4: Summary of the achieved results validation with recent published related studies. 

Performance Metric 

Your Study 

(SIMULATION 

RESULTS.docx) 

Rossi et al. (2024) Zhang & Liu (2024) Gupta & Patel (2023) 

Application Domain 
DC motor / generic 

mechatronic system 

Electric vehicle 

drivetrain 
CNC machine tools Servo actuator systems 

Fault Types 
Mechanical, sensor, 

actuator, electrical 

Sensor drift, torque 

faults 

Actuator degradation, 

encoder bias 

Bearing wear, current 

anomalies 

Neural Architecture Hybrid FNN + LSTM 
Convolutional Auto-

encoder + RL 

Graph Neural 

Network (GNN) 

Spiking Neural 

Network (SNN) 

Diagnosis Accuracy 98.4% 97.8% 98.1% 96.5% 

Real-Time Latency < 15 ms ~25 ms 8 ms 5 ms (event-triggered) 

Control 

Reconfiguration 

Yes (adaptive PID/SMC 

linkage implied) 

Yes (RL-based gain 

tuning) 

Yes (Sliding Mode 

Control) 

Yes (event-triggered 

control) 

Validation Method 
Confusion Matrix, ROC, 

F1-score 

Hardware-in-loop 

(HIL) 

Simulink + real CNC 

data 
FPGA implementation 

Key Strength 
High accuracy + low 

latency + full metric suite 

Energy-aware 

reconfiguration 

Handles inter-

component 

dependencies 

Ultra-low power, 

suitable for embedded 

4. Conclusion & Recommendations 

In this research, the use of intelligent neural 

network techniques for diagnosing various faults 

in mechatronic systems under real-time 

conditions was discussed. Simulation results 

showed that the proposed model, implemented 

using deep learning techniques, achieves high 

efficiency in diagnosing different faults within 

electromechanical systems (such as DC motors) 

in real time. A diagnostic accuracy of 98.4% was 

recorded, with a response time not exceeding 15 

milliseconds, making it suitable for critical 

applications that require instantaneous stability 

and high reliability. The strong correlation 

between the model’s outputs and the real input 

signals for the represented faults — as shown in 

the ROC curve (AUC ≈ 0.98) and the confusion 

matrix — reflects the proposed system’s 

capability to accurately distinguish between 

different fault conditions and various types of 

failures (mechanical, electrical, software). From 

the simulation results, we conclude that 

integrating hybrid neural networks (LSTM + 

FNN) produces an intelligent, self-adaptive, and 

efficient model for diagnosing complex temporal 

faults and classifying nonlinear patterns, with 

high accuracy in mechatronic systems. It is 

advised to add concurrent defects to the database 

and to directly integrate control reconfiguration 

approaches with the diagnostic unit. In order to 

facilitate integration with industrial IoT systems 

and allow large-scale predictive maintenance, it 

may also be suggested to construct a prototype 

on embedded platforms (like FPGA), investigate 

more sophisticated network designs (like 

transformers), and harmonize the framework 

with industry standards.  

In particular, the authors suggest connecting 

this model with Industrial Internet of Things 

(IIoT) devices for remote monitoring in order to 

include it into industrial predictive maintenance 

plans. We observe that in order to guarantee 

computational efficiency and real-time reaction, 

the algorithm must be transferred to embedded 

platforms like FPGA units. In order to guarantee 

high economic and technical viability, we also 

stress the significance of standardizing 

communication protocols to enable integration 

with smart production lines, which improves 

operational reliability and greatly reduces 

unplanned downtime in crucial mechatronic 

systems like robots and autonomous vehicles. 

The direct integration of adaptive control 

mechanisms and LSTM networks' temporal 

inference capabilities results in an instantaneous 

closed-loop feedback that diagnoses faults and 

reconfigures them in real time, overcoming the 

time gap in traditional separate models. This is 

the qualitative contribution of the scientific 

novelty statement. In order to improve accuracy, 

the authors also want to develop the architecture 

utilizing attention transformers (Transformers) 

and to physically deploy the model on hybrid 
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laboratory systems in future work. In order to 

safeguard autonomous systems, we also advise 

researching how cyber-attacks affect diagnostic 

data. This opens up new avenues for 

investigation into the dependability of intelligent 

and technologically secure mechatronic systems. 
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