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 Abstract—Bearings are vital parts used in many industrial 

settings; however, their failures can greatly reduce system 

efficiency and operational reliability. In this context, AI-driven 

predictive maintenance is an effective approach for identifying 

and classifying bearing faults via vibration analysis. This study 

creates a custom dataset by recording vibration signals from a 

DC motor operating under various fault conditions (bearing 

without lubrication, bearing with one missing ball, and bearing 

with two missing balls), as well as under normal operation 

(bearing without failure), using an accelerometer and a 

controlled test bench. Furthermore, four neural network models 

— Multilayer Perceptron (MLP), Convolutional Neural Network 

(CNN), Long Short-Term Memory (LSTM), and Transformer — 

were trained and evaluated based on accuracy, recall, and F1-

score. The CNN model performed best, achieving a 99.95% 

accuracy on the validation dataset. This model was then 

implemented on an ESP32, reaching 94.2% accuracy during real-

time testing. These results demonstrate that AI-based fault 

detection systems can be effectively deployed on resource-limited 

platforms, providing a promising solution for predictive 

maintenance and educational efforts to boost STEM skills. 
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I. INTRODUCTION 

URRENTLY, bearings are essential components across 

various industrial sectors, performing critical 

functions such as reducing friction, supporting loads, 

and guiding the rotation of mechanical elements [1]. They are 
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present in a wide range of applications, including electric 

motors and transportation equipment, where their proper 

operation is crucial for ensuring efficiency and operational 

safety. In fact, it is estimated that two out of three motor 

failures originate from damage initiated in the bearings [2]. 

Common failures include wear, imbalance, damage to the 

raceways, and lack of lubrication, among others [3]. 

Today, emerging technologies such as the Internet of 

Things (IoT) and artificial intelligence (AI) offer new tools to 

address these challenges [2][4][5]. Data analysis techniques 

enable the detection of bearing anomalies, mitigate risks, and 

optimize maintenance strategies. This leads to predictive 

maintenance, which employs non-invasive methods to detect 

faults before they occur [6]. In this context, neural networks 

have proven valuable for identifying and classifying vibration 

patterns associated with such conditions [7]. 

Over the years, significant advances have been made in 

developing robust models that adapt to diverse conditions. 

This progress has enabled the implementation of real-time 

monitoring systems, even on embedded platforms, bringing 

these solutions closer to more accessible and dynamic 

industrial environments. 

This work aims to contribute to the development of AI- and 

embedded-system-based solutions for the detection and 

classification of bearing faults, promoting their efficient and 

accessible application across various settings, primarily 

educational environments. The approach encompasses data 

acquisition, dataset creation, neural network training, and 

deployment to validate system performance.  

This paper is organized as follows. Section II presents the 

related work, summarizing the most relevant studies on 

vibration analysis and bearing fault diagnosis using artificial 

intelligence. Section III details the proposed methodology, 

including data acquisition, dataset preparation, neural network 

architectures, and model deployment on an embedded system. 

Section IV discusses the results of the experiments, evaluating 

the performance of the implemented models and analyzing 

real-time validation results on the embedded device. Finally, 

section V concludes the paper by highlighting the main 

findings, identifying the limitations encountered, and 

suggesting future research directions for extending this work. 

II. RELATED WORK 

Since the emergence of neural networks, numerous 

C 
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experiments, applications, and prototypes have been 

developed for vibration analysis, driven by the recognized 

potential of these algorithms compared to traditional methods 

for the same task, such as time-domain and frequency-domain 

analyses. Moreover, AI-related methods are easier to 

implement and do not require extensive expertise or 

specialized knowledge [8]. 

As a result, deep learning-based methods have been 

developed to diagnose bearing faults, overcoming the 

limitations of traditional approaches that rely heavily on 

feature extraction and other data processing techniques. 

Among these, convolutional neural networks (CNNs) stand 

out for their ability to directly process vibration signals and 

produce optimal classifications. This approach eliminates the 

need for manual feature extraction techniques, achieving high 

accuracy and robustness even under noisy conditions and 

varying loads [9]. 

An innovative approach to machine fault diagnosis and 

monitoring is the development of a non-invasive IoT system 

that identifies and predicts fault severity in real time. In this 

study [10], machine learning techniques such as Support 

Vector Machines (SVMs), K-Nearest Neighbors (KNNs), and 

Random Forests were applied, with the latter achieving an 

accuracy of 81.41%. The methodology enables classification 

of operating conditions, such as normal state, imbalance, and 

misalignment, and integrates a wireless monitoring and alert 

system that interacts with mobile devices. 

In response to the high demand for fault diagnosis solutions 

in industrial plants—aimed at reducing unscheduled 

downtime, performance degradation, among other issues—a 

study [11] proposed an end-to-end methodology based on a 

Convolutional Recurrent Neural Network (CRNN). This 

method processes raw vibration data directly, without 

preprocessing or feature extraction. It is distinguished by its 

ability to manage large volumes of data in real time, as well as 

its computational and training efficiency, making it highly 

suitable for industrial applications. The method achieved high 

accuracy across datasets, reaching 97.13% on the IMS 

(Intelligent Maintenance Systems) dataset and 99.77% on the 

Case Western Reserve University (CWRU) dataset. 

Another notable study proposed a methodology for bearing 

fault detection and diagnosis, combining Variational Mode 

Decomposition (VMD) with one-dimensional Convolutional 

Neural Networks (1D-CNNs) [12]. In this research, VMD was 

employed as a filtering technique to highlight fault-related 

components in signals contaminated by harmonics. 

Subsequently, the extracted features were processed through a 

1D-CNN to classify and diagnose faults with various levels of 

severity. Results obtained with the CWRU dataset 

demonstrated the superior performance of the proposed model 

(measured by accuracy), outperforming traditional methods 

such as Empirical Mode Decomposition (EMD) and other 

deep learning approaches (MLP, RNN, and LSTM). 

An advanced approach to rolling bearing fault diagnosis is 

presented through the use of deep learning models capable of 

handling non-stationary and time-varying vibration signals. In 

this study [13], an optimized self-adaptative Deep Belief 

Network (SADBN) is proposed, where the network 

parameters are tuned with the Slap Swarm Algorithm (SSA). 

Experimental validation using the CWRU dataset 

demonstrates that the proposed model outperforms 

conventional methods and standard DBN architectures, 

achieving an accuracy above 94%. 

Additionally, a recent study [14] evaluated six supervised 

learning models—Decision Tree, Discriminant Analysis, 

Naive Bayes, SVM, KNN, and Ensemble Classifier—on 

vibration data from the CWRU dataset. Notably, the Gaussian 

Naive Bayes model achieved 97.5% accuracy in fault 

classification. This superior performance can be attributed to 

the application of Principal Component Analysis (PCA)-based 

feature selection, which reduces feature correlation and aligns 

well with the conditional independence assumption of Naïve 

Bayes. Furthermore, the relatively small dataset size likely 

contributed to the effectiveness of the probabilistic Gaussian 

modeling. In addition to its high accuracy, Gaussian Naive 

Bayes demonstrated lower training time and high prediction 

speed compared to other models with similar accuracy, 

reinforcing its suitability for real-time fault diagnosis 

applications. 

III. METHODOLOGY 

To perform the vibration analysis of a bearing driven by a 

DC motor, this study proposes evaluating different neural 

network architectures, encompassing data acquisition, 

training, and validation, to select the most suitable model for 

deployment on an embedded device and verify its real-time 

performance. 

 

A. Types of Vibrations to be Classified 

Based on the research conducted [3], five vibration types 

were identified to form the dataset: normal bearing, bearing 

without lubrication, bearing missing one ball, bearing missing 

two balls, and a final class corresponding to the motor off. 

Previous studies [11],[12],[13],[14], have shown that bearing 

faults generate characteristic frequency signatures associated 

with specific geometric defects, such as inner race, outer race, 

and rolling element faults. However, the proposed scheme is 

not intended to discriminate between standardized race fault 

types, but rather to detect abnormal bearing conditions within 

a controlled experimental and educational setup. For this 

reason, the fault scenarios considered in this work were 

selected based on their ease of physical implementation and 

repeatability in a low-cost test bench, enabling the generation 

of distinguishable vibration patterns in a simple and 

reproducible experimental environment. 

A previously developed test bench was used for this 

purpose, consisting of a base that supports the motor and 

bearing, and a protoboard for connecting the sensor that 

captures vibration data. Fig. 1 shows the complete test bench 

setup. 

The design shown in Fig. 1 allows the user to easily 

interchange the bearing, facilitating the collection of samples 

for each fault type using the same setup and thus ensuring 
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uniformity in the experimental conditions [15]. 

It is important to note that the proposed test bench was 

intentionally designed as a controlled experimental setup and 

does not aim to fully replicate the mechanical complexity of 

an industrial environment. The objective of this configuration 

 
Fig. 1. Testing bench (Motor, Sensor Setup, Bearing). 

 

is to isolate bearing-related vibration patterns and ensure 

repeatable data acquisition, rather than to capture all possible 

mechanical perturbations present in real industrial machinery. 

Based on this, vibration data were collected using the 

Pololu MinIMU-9 v5 inertial sensor, which served as the 

primary sensing device throughout the study. This 

accelerometer was employed to acquire tri-axial acceleration 

signals (X, Y, and Z), expressed in units of gravitational 

acceleration (g), from different bearings and fault conditions. 

The accelerometer orientation defines how vibration 

components are projected onto the X, Y, and Z axes. In this 

study, the sensor can be mounted in any orientation, provided 

it remains consistent throughout data acquisition and 

deployment. Preserving the orientation does not affect 

classification performance, as tri-axial signals are jointly used, 

whereas changing the orientation between measurements may 

introduce discrepancies in the results. 

The recorded data were transmitted to the Edge Impulse 

platform for organization and labeling, resulting in a 

structured dataset organized by class. To ensure robust data, 

150 samples (30 per class) were collected, each lasting 20 

seconds and sampled at 50 Hz.  

The embedded device itself does not intrinsically modify 

the sensor’s sampling frequency; instead, the effective 

sampling rate is defined by the data acquisition strategy 

implemented in software. In this work, the microprocessor 

controls the timing of accelerometer readings through its 

internal timers, ensuring a fixed sampling frequency of 50 Hz 

during data acquisition. 

The proposed scheme is therefore dependent on the 

sampling frequency, since changes in the acquisition rate alter 

the temporal resolution and frequency content of the vibration 

signals. For this reason, the sampling frequency was kept 

consistent during dataset creation, training, validation, and 

embedded deployment. Any change in the sampling frequency 

would require signal resampling or model retraining to 

preserve classification performance. 

Subsequently, the dataset was divided into training (70%), 

validation (20%), and test (10%) subsets. The data splitting 

was performed at the sample level, ensuring that complete 20-

second recordings were assigned exclusively to one subset, 

thereby preventing data leakage between them. Fig. 2 presents 

the acceleration data for each class, obtained from the sensor. 

A high-quality dataset is essential to ensure that a deep 

learning model is accurate, generalizable, and truly 

representative of the real-world problem. Poorly labeled, 

 

 
 Fig. 2. Raw acceleration data collected per class (Ex: No lubrication). 

 

biased, or insufficient data can lead to overfitting, inaccurate 

predictions, or the perpetuation of biases, affecting both the 

model’s performance and its practical utility [16][17]. 

Moreover, a balanced and diverse dataset enables the capture 

of relevant patterns and proper model evaluation, helping to 

avoid unnecessary iterations and reducing both development 

time and costs. 

 

B. Neural Networks to be Implemented 

Currently, a wide variety of artificial intelligence models 

are applied to the classification of acceleration data, ranging 

from Transformers to multilayer perceptrons (MLPs) [5][18]. 

Each of these models involves a distinct type of data 

processing and presents advantages and disadvantages when 

deployed on embedded devices [19], which is the focus of this 

research. 

One of the main advantages of a multilayer perceptron 

(MLP) is its simplicity and the speed of its implementation 

and training. This architecture allows for efficient deployment 

in terms of computational resource consumption (on 

embedded or low-cost platforms). Since it requires fewer 

parameters than more complex models, MLP training is 

typically faster and requires less processing power and 

memory. However, to optimize performance in classification 

and pattern recognition tasks, data preprocessing is often 

needed. A common example is spectral feature extraction; a 

technique used on platforms such as Edge Impulse [20]. By 

highlighting the relevant features of raw data, this 

preprocessing step facilitates the network's learning, enabling 
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it to identify complex patterns more effectively [12][21]. 

On the other hand, more complex models such as 

convolutional neural networks (CNNs), recurrent neural 

networks (RNNs), and Transformers can work directly with 

raw sensor data. These models learn hierarchical 

representations from the original data, allowing for more 

precise identification of complex patterns. However, this 

approach comes at the cost of higher computational resource 

consumption during both training and inference, which limits 

its deployment on devices with memory, processing, or energy 

constraints [12][22][23]. 

Based on this, four types of neural networks have been 

selected: multilayer perceptron (MLP), convolutional network 

(CNN), Long Short-Term Memory (LSTM), a type of 

Recurrent Neural Network (RNN), and Transformer. Simple 

models were constructed to achieve high accuracy, optimizing 

performance without overloading the embedded device where 

the model will be deployed. 

The selection of the neural network architectures was 

guided by the objective of comparing representative learning 

paradigms commonly used in vibration-based fault diagnosis. 

Specifically, the selected models cover a spectrum ranging 

from feature-based learning (MLP) to local pattern extraction 

from raw signals (CNN), temporal dependency modeling 

(LSTM), and global context modeling through attention 

mechanisms (Transformer), which enables the modeling of 

long-range temporal dependencies within vibration signals. 

This is particularly relevant for bearing fault diagnosis, where 

impulsive and periodic patterns may occur at non-local time 

positions within a signal window. This choice enables a 

systematic evaluation of how different signal-processing and 

learning strategies impact classification performance, 

computational cost, and deployability on low-resource 

platforms. 

 

C. Data Preprocessing: Spectral Feature Extraction and 

Windowing 

Although frequency-domain analysis is effective for 

detecting specific bearing faults under well-defined 

conditions, it cannot be able to easily address all fault 

scenarios, especially when fault characteristics evolve or 

overlap across classes. In this work, artificial intelligence is 

therefore used as a complementary approach to automatically 

learn discriminative patterns from spectral features, temporal 

variations, and multi-axis vibration signals without relying on 

predefined thresholds or explicit fault models [24]. 

To successfully train a multilayer perceptron, it is necessary 

to preprocess the dataset through spectral analysis of the 

vibration signals. This technique allows the signal to be 

examined in terms of frequency, making it easier to identify 

patterns, especially when working with accelerometer data. 

Fig. 3 shows a graphical representation of how a time-domain 

signal is transformed into the frequency domain. 

The data obtained from this type of analysis is varied; 

however, for this study, the following features are calculated: 

dominant frequency, total energy, low-, medium-, and high-

band energy, average amplitude, and amplitude standard 

deviation. Each of these variables is computed for each 

acceleration axis (x, y, z), yielding a total of 21 spectral 

features for network training. 

Fig. 4 shows a graphical representation of the spectral 

features calculated for a random sample from each class of the  

 

 
Fig. 3. Spectral Analysis representation: Time domain to Frequency domain 

[25]. 

 

dataset. The graph shows the different values and behaviors 

depending on the type of fault in the bearing. 

 

 
Fig. 4. Graphical representation of Spectral features (Ex: No lubrication). 

 

Additionally, to improve training performance, a sliding 

window scheme was applied to the data. This method involves 

dividing the vibration signals into smaller segments (1-second 

windows) that slide across the sample with a fixed time step. 

In this way, a better representation of dynamic behavior is 

achieved, and the amount of data available for model training 

is increased. 

The data processing flow for the implemented networks is 

presented in Fig. 5. 

As shown in Fig. 5, preprocessing using sliding windows is 

an essential step in data preparation and is crucial to the 

performance of all the models implemented in this study. 

Although the sliding-window segmentation is applied 

uniformly, the multilayer perceptron (MLP) relies on an 

additional stage of spectral feature extraction from each 
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window. In this work, these processed spectral features were 

used to reduce the computational load of the MLP and to 

provide a more compact, descriptive representation of the 

vibration signal, given its limited ability to capture temporal 

dependencies directly from raw sequences. 

 

 
Fig. 5. Process flowchart for model training. 

 

In contrast, the CNN, LSTM, and Transformer architectures 

are trained directly on the segmented vibration data generated 

by sliding windows, without further spectral preprocessing. In 

other words, while the MLP operates on processed features, 

these deep learning models work with windowed raw data, 

allowing them to learn meaningful temporal patterns directly 

from the signal. The use of sliding windows not only 

standardizes the input representation but also increases the 

amount of available training data, which is beneficial for deep 

architectures that typically require larger datasets. 

Additionally, dividing the signal into shorter, fixed-length 

windows makes the training process more computationally 

manageable for the models, improving efficiency while 

preserving the signal's essential temporal dynamics. 

 

D. Neural Network Models Construction 

When working with neural network models, it is possible to 

go from the simplest to the most complex by varying the 

number of layers, neurons, and additional operations. Based 

on this, it is essential to consider that the best model should be 

implemented on a device with limited resources (e.g., an 

ESP32), so it is necessary to balance high accuracy and model 

performance while minimizing the resources required for 

execution. 

Based on the discussion in this section and using the 

TensorFlow library, the proposed architecture approaches are 

described below. 

 

1) Multilayer Perceptron (MLP) 

The neural network receives a set of 21 spectral features as 

input. To construct the model layer by layer, the Sequential 

API in Keras was used. The designed architecture consists of 

three hidden layers with 20, 15, and 10 neurons, respectively, 

followed by an output layer with five neurons, corresponding 

to the five classes of the classification problem. The neural 

network architecture is shown in Table I.  

 

TABLE I 

LAYER-BY-LAYER ARCHITECTURE OF THE PROPOSED 

MULTILAYER PERCEPTRON (MLP) 
Stage Layer 

Type 

Parameters / Details Output 

Shape 

Input Input Features = 21 (21) 

Dense Layer 1 Dense 
Units = 20 

Activation = ‘relu’ 
(20) 

Dense Layer 2 Dense 
Units = 15 

Activation = ‘relu’ 
(15) 

Dense Layer 2 Dense 
Units = 10 

Activation = ‘relu’ 
(10) 

Output layer Dense 
Units = 5 

Activation = 'softmax' 
(5) 

 

2) Convolutional Neural Network (CNN) 

This network takes as input the time windows generated 

during data preprocessing, which have a size of (64, 3). Based 

on this, and once again using the Sequential API, a 1-

dimensional convolutional layer with 32 filters of size 3 

(kernel size) is added, followed by a dimensionality-reduction 

layer, a dense layer with 32 neurons, and a 5-neuron output 

layer for classification. The architecture is presented in Table 

II. 

 

TABLE II 

LAYER-BY-LAYER ARCHITECTURE OF THE PROPOSED 

CONVOLUTIONAL NEURAL NETWORK (CNN) 

Stage Layer Type Parameters / 

Details 

Output 

Shape 

Input Input 

Sequence 

length = 64 

Features = 3 

(64, 3) 

Convolution Conv2D 

Filters = 32 

Activation = ‘relu’ 

Kernel Size = 3 

(62, 32) 

Global 

Pooling 

GlobalAveage-

Pooling2D 
 (32) 

Dense Layer Dense 
Units = 32 

Activation = ‘relu’ 
(32) 

Output layer Dense 

Units = 5 

Activation = 

'softmax' 

(5) 
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3) Long Short-Term Memory (LSTM) 

Similar to the CNN architecture, this network takes as input 

the time window sizes from preprocessing. To obtain a 

lightweight model, the Sequential API of Keras is used, with 

an LSTM layer with 64 units followed by a dense layer with 

five neurons for classification. Network architecture is shown 

in Table III. 

 

TABLE III 

LAYER-BY-LAYER ARCHITECTURE OF THE PROPOSED LONG 

SHORT-TERM MEMORY (LSTM) NETWORK 
Stage Layer Type Parameters / 

Details 

Output Shape 

Input Input 

Sequence 

length = 64 

Features = 3 

(64, 3) 

Recurrent 

Layer 
LSTM Units = 64 (62) 

Output layer Dense 

Units = 5 

Activation = 

'softmax' 

(5) 

 

4) Transformer Architecture 

To implement a simple architecture, a model uses a single 

multi-head attention layer with only two attention heads. This 

is followed by dimensionality reduction, a dense layer of 

thirty-two neurons, and a 5-neuron output layer for multi-class 

classification. Due to model length, the architecture is 

presented in Table IV. 

 

TABLE IV 

LAYER-BY-LAYER ARCHITECTURE OF THE PROPOSED 

TRANSFORMER-BASED MODEL 
Stage Layer Type Parameters / 

Details 

Output 

Shape 

Input Input Sequence 

length: 64 

Features: 3 

(64, 3) 

Input 

projection 

Dense Units = 32 (64, 32) 

Multi-head 

attention 

MultiHeadAttention num_heads = 2 

key_dim = 32 

(64, 32) 

Normalization Layer Normalization Epsilon = 1e-6 (64, 32) 

Global 

pooling 

GlobalAveragePooli-

ng1D 

Averages across 

the time steps 

(32) 

Dense hidden 

layer 

Dense Units =32 

Activation = 

'relu' 

(32) 

Regularization Dropout Rate = 0.5 (32) 

Output layer Dense Units = 5 

Activation = 

'softmax' 

(5) 

 

To mitigate overfitting, the models were deliberately 

designed with lightweight architectures that limit the number 

of trainable parameters. In addition, regularization strategies 

such as dropout and early stopping were applied during 

training. Sliding-window segmentation was performed after 

dataset partitioning, increasing the effective number of 

training instances while preserving class separation and 

preventing data leakage. 

Overall, the resulting architectures are considerably lighter 

than those typically used in high–computational-capacity 

environments. This design choice is essential for deployment 

on low-power embedded devices, such as the ESP32, where 

processing and memory resources are limited, while still 

maintaining competitive classification performance. The 

results from the training and validation process are presented 

in the next section. 

 

E. Exporting the Selected Model to an Embedded Device 

Once the model to be implemented on the embedded system 

— in this case, an ESP32 — is selected, the next step is to 

export it in the appropriate format. The choice of this device is 

justified by its low cost, low energy consumption, adequate 

processing power to run lightweight artificial intelligence 

models, and its integrated Wi-Fi connectivity, which enables 

future IoT projects. 

To facilitate the model integration into the development 

environment, the Edge Impulse platform [20] provides a 

Python API that allows exporting the model as a C++ library 

for importing into the Arduino IDE. It is important to note that 

the model must first be converted to the TensorFlow Lite 

(TFLite) format, which imposes certain restrictions on the 

types of operations and network structures allowed due to 

compatibility limitations with microcontrollers. 

While Edge Impulse imposes constraints on model size, 

memory usage, and supported operations, these limitations are 

aligned with the objectives of this work, which focus on 

lightweight neural network architectures for reliable real-time 

execution on resource-constrained embedded platforms. 

Once converted to TFLite, the code provided by Edge 

Impulse [26] is used to generate a compressed ZIP file. This 

file contains the necessary library, which must be imported 

into the Arduino IDE. From this interface, it is possible to 

perform tests to validate the model’s accuracy using metrics 

such as Accuracy, Recall, and F1-Score, and to compare the 

results with the data obtained during development in Python. 

Fig. 6 shows the steps required for implementation on the 

embedded device. 

Once the model is loaded onto the ESP32 and the sensor is 

connected, the validation process for detecting multiple fault 

types can begin. 

IV. RESULTS AND DISCUSSION 

To evaluate each model's performance, post-training tests 

are conducted on test data. For each model, metrics such as 

accuracy, recall, and F1 Score are obtained, as they are key 

indicators for assessing performance and selecting the optimal 

model for deployment on the embedded device. 

The number of correct predictions relative to the total 

number of forecasts measures accuracy. This metric helps to 

understand how accurate the classifications are in general. On 

the other hand, recall measures the model's ability to identify 

true positives correctly. Regarding the F1 Score, it is the 

harmonic mean of precision and recall, providing a balance 

between the two. 

Fig. 7 presents a graph showing the results obtained for the 
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four trained neural network models, comparing the three 

metrics mentioned. 

 

 

 
 
Fig. 6. Steps for embedded device implementation. 

 

 
Fig. 7. Evaluation metrics for trained models. 

 

Table V presents the values of the metrics shown in Fig. 7. 

 

TABLE V 

COMPARISON OF EVALUATION METRICS OBTAINED BY THE 

TRAINED MODELS 
Model \ Metric MLP CNN LSTM Transformer 

Accuracy 0.9983 0.9995 0.9817 0.937 

Recall 0.9982 0.9995 0.9816 0.936 

F1-Score 0.9982 0.9995 0.9816 0.938 

 

The results indicate that the convolutional neural network 

(CNN) achieved the highest performance across all evaluation 

metrics, with the multilayer perceptron (MLP) showing 

comparable results. Although the LSTM and Transformer 

models also achieved scores above 90%, their performance 

was noticeably lower than that of the CNN and MLP. In 

particular, the Transformer model yielded the lowest metrics 

among all architectures. This behavior can be explained by 

several factors: the simplicity of the implemented Transformer 

architecture (a single multi-head attention layer with two 

heads) and the limited dataset size (150 total samples, 30 per 

class). Additionally, the Transformer design was intentionally 

kept lightweight due to the computational constraints imposed 

by the embedded deployment target, which required fewer 

parameters and layers. These limitations collectively restrict 

the advantages typically offered by Transformers in modeling 

long-range dependencies, preventing the model from reaching 

its full potential in this application. 

From a signal-processing perspective, the superior 

performance of the CNN can be attributed to its ability to 

exploit local correlations and quasi-stationary properties of 

vibration signals. The convolutional layers act as adaptive 

filter banks, enabling efficient extraction of localized temporal 

and frequency-related patterns that are characteristic of 

bearing faults. By leveraging weight sharing and translation 

invariance, the CNN achieves an effective balance between 

classification accuracy and computational complexity, which 

is particularly advantageous for short, fixed-length vibration 

windows and embedded deployment constraints. 

Given the model with the best overall performance, its 

deployment was conducted in C++ to package it as a library 

for import into the Arduino IDE and subsequently upload the 
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classifier to the ESP32 microcontroller. Once the sensor and 

test bench were connected, data were captured as time 

windows, maintaining the same size used during the 

preprocessing stage (64 samples per axis, resulting in a 64×3 

matrix). Fig. 8 presents the setup of the final embedded model 

implementation. 

 

 
Fig. 8. Setup of final embedded model implementation. 

 

Tests were performed across all five classes present in the 

dataset. For each class, more than one hundred samples were 

collected as the test bench operated and the bearing rotated. 

Based on the data collected, the success rate for each category 

was calculated. Fig. 9 presents a graph summarizing these 

results. 

 
Fig. 9. Validation results per class on ESP32. 

 

 

Additionally, Table VI presents the obtained values for each 

evaluation metric used in the model assessment. This can be 

used for a direct comparison with the results previously shown 

in Table V for the CNN model. 

 

 

TABLE VI 

PERFORMANCE METRICS OF THE CNN MODEL AFTER 

DEPLOYMENT ON THE ESP32 
Model \ Metric CNN - Deployed 

Accuracy 0.942 

Recall 0.942 

F1-Score 0.941 

Table VII presents embedded implementation metrics, 

regarding inference latency, memory usage and power 

consumption. 

 

TABLE VII 

COMPUTATIONAL PERFORMANCE OF THE DEPLOYED CNN 

MODEL ON THE ESP32 
Metric Value 

Latency 1 ms 

Memory usage 398 kB 

Power consumption 260 - 400 mW 

 

The deployed CNN model achieves an inference latency of 

1 ms on the ESP32 microcontroller. The compiled firmware 

occupies 398 kB of memory, corresponding to approximately 

30% of the available program storage and power consumption 

is estimated with the ESP32 datasheet. The device typically 

consumes between 80 and 120 mA at 3.3 V during active CPU 

operation, corresponding to an estimated power consumption 

of approximately 260 – 400 mW. 

Finally, the confusion matrix generated during validation is 

presented, providing a more detailed overview of the model’s 

behavior by highlighting the classes where misclassifications 

occurred. This matrix is shown on Fig. 10. 

 

 
Fig. 10. Confusion Matrix of the deployed CNN model. 

 

From the confusion matrix, it can be seen that the "motor 

off" condition and the "bearing missing a ball" fault were best 

identified by the model. On the other hand, in the "normal 

bearing" and "bearing without lubrication" classes, a higher 

degree of confusion was observed, which can be explained by 

the similarity of their vibration patterns. 
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Despite these challenges, the model achieved high 

accuracy across all classes, 90% or higher. Furthermore, the 

final model accuracy obtained during real-time validation was 

94.2%. However, this value differs by almost six percentage 

points from the accuracy achieved during offline testing in 

Python. 

These differences in the model’s accuracy may be attributed 

to several factors. The following were identified. 

1) Performance Degradation during Model Deployment  

Due to the conversion process from a TensorFlow model to 

TensorFlow Lite and then to a C++ library, performance may 

decrease slightly when running in an embedded environment 

rather than on a more powerful machine used for training. 

Certain operations or computations essential for achieving 

optimal results are restricted or simplified during this 

transition. 

2) Bearing Support Wear  

 During data acquisition for dataset creation and throughout 

extensive testing phases for validation and deployment, the 

3D-printed bearing support experienced significant friction. 

This exposure led to an increase in temperature at the 

bearing’s external surface, which was in contact with a 

Polylactic Acid (PLA) component (sensitive to elevated 

temperatures). Consequently, deformations such as support 

widening occurred, reducing grip and generating unexpected 

vibrations or patterns not accounted for during model training. 

 Based on these observations, the decrease in model 

accuracy is explained. Nevertheless, achieving an accuracy 

above 90% remains a highly promising result given the device 

constraints and the methodology employed. 

As a complementary consideration, it is important to 

highlight that the mechanical issues observed in the bearing 

support could be mitigated in future iterations of the 

prototype. Since PLA is sensitive to temperature and prone to 

deformation under prolonged friction, other materials such as 

Polyethylene Terephthalate Glycol-modified (PETG) or 

Acrylonitrile Butadiene Styrene (ABS) could provide superior 

thermal resistance and greater stability during extended tests 

or operations. These enhancements could minimize 

mechanical variability and undesired vibration patterns, 

thereby improving the model’s real-time accuracy. 

From a system-level perspective, the robustness of the 

proposed scheme is influenced by the operating conditions 

under which the vibration data are acquired. If additional 

mechanical perturbations are introduced, such as external 

vibrations, load fluctuations, structural resonances, or 

misalignment, the vibration signal characteristics may change, 

potentially affecting classification performance. Since the 

models were trained using data acquired under controlled 

experimental conditions, strong perturbations not represented 

in the training dataset may lead to a reduction in accuracy due 

to distribution shift. 

V. CONCLUSIONS 

This study demonstrated the feasibility of implementing a 

bearing fault diagnosis system using deep learning models 

deployed on low-cost embedded systems. A proprietary 

dataset was developed from vibration measurements of a DC 

motor under different fault conditions, using an accelerometer 

and a controlled test bench. Experimentally, the quality and 

representativeness of the dataset were key factors in achieving 

effective model training and reliable validation on the 

embedded device. 

Four neural network architectures (MLP, CNN, LSTM, and 

Transformer) were trained and evaluated using accuracy, 

recall, and F1-score metrics to compare their performance. 

The convolutional neural network (CNN) model achieved the 

best results, achieving 99.95% accuracy on the test data during 

the validation phase. 

The CNN model was subsequently converted and optimized 

for deployment on an ESP32 microcontroller using 

TensorFlow Lite and C++. Although a slight decrease in 

performance was observed (an average accuracy of 94.2%) 

compared to Python-based tests, this discrepancy can be 

attributed to both the computational limitations of the 

embedded environment and the mechanical wear of the 

bearing support caused by extensive data acquisition sessions. 

This study provides a solid foundation for future research in 

mechanical fault detection using AI. The use of a low-cost 

platform such as the ESP32, combined with TinyML tools and 

vibration-based diagnostics, highlights the strong educational 

potential of this work. Beyond demonstrating a practical 

application of embedded AI, the system can be easily 

replicated in classrooms, laboratories, and other training 

environments due to its affordability and straightforward 

implementation. Students can assemble the test bench, collect 

their own data, and train models, gaining hands-on experience. 

This makes the proposed setup an accessible and effective tool 

for strengthening STEM competencies. 

Although the system demonstrated strong performance in 

the experimental setup, a significant limitation of this study is 

the low sampling frequency (50 Hz) used during data 

acquisition. While this rate was sufficient to capture the 

vibration patterns associated with the specific fault conditions 

of the used DC motor, it remains considerably below the 

frequencies typically required for industrial bearing fault 

diagnosis (kHz range). Future work should therefore include 

the use of higher-sampling-rate sensors and more robust 

acquisition hardware, as well as redesigning the test bench 

with heat-resistant materials such as ABS or PETG to prevent 

structural deformation during prolonged operation. 

Additionally, adopting a more powerful embedded platform 

could enable the use of more complex neural network 

architectures, potentially improving performance in real-world 

industrial applications. 
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