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Abstract. This study presents a fault detection model utilizing the Seeed Studio XIAO
nRF52840 Sense microcontroller development board to identify and diagnose faults in the
conveyor belt system of the MPS-PA Bottling Learning System, a component of the Festo
Didactic System. The microcontroller is equipped with a 6-axis Inertial Measurement Unit
(IMU) and a Pulse Density Modulation (PDM) microphone, enabling it to monitor vibra-
tions and sounds generated during conveyor belt operation. The collected signals are
processed using the Discrete Wavelet Transform (DWT) to extract relevant features, which
are then used to train an embedded machine learning model designed to detect faults such
as bottle obstructions and falls. The conveyor belt transports empty bottles to a dispenser,
but a 90-degree turn in the path frequently causes disruptions, resulting in bottle rotation
or falls. The IMU captures vibration data, while the PDM microphone records audio sig-
nals during these events. The processed DWT features are utilized to train the fault detec-
tion model. The model is developed using the TensorFlow Lite framework, incorporating
batch normalization to stabilize and accelerate the learning process. Once deployed, the
system predicts faults and sends Bluetooth alerts to a host PC when an issue is detected,
allowing the process to be halted to prevent further damage. The proposed fault detec-
tion model demonstrates promising results, achieving up to 94% accuracy. Additionally,
the system’s low power consumption, supported by a 200 mAh LiPo rechargeable battery,
enhances energy efficiency, contributing to more sustainable manufacturing operations.
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1. INTRODUCTION

Conveyor belts are essential components in modern manufacturing, facilitating the
efficient transport of materials across different stages of production. However, like any
mechanical system, conveyor belts are prone to faults and degradation. Common issues
include motor overcurrent, dirt accumulation, and belt warping [1]. Additionally, sharp
objects transported on the belt may accidentally fall and cause damage [2]. While regu-
larly replacing belts might seem like a practical maintenance strategy, addressing the root
causes of these issues and improving system design offer a more sustainable, long-term
solution [3].

Recently, data-driven inspection methods based on recorded historical data have be-
come the standard [4]. By analyzing this data, engineers can create preventive mainte-
nance schedules, improving productivity and minimizing unplanned downtime [5].

This study proposes a fault detection method using embedded machine learning
with the Seeed Studio XIAO nRF52840 microcontroller kit [6] to monitor the conveyor
belt of the Festo MPS-PA Bottling Learning System [7]. This didactic system is designed
to simulate industrial conveyor operations, transporting bottles to a water dispensing
unit [7]. Over time, the conveyor belt degrades and may eventually fracture. Although
the belt can be replaced, recalibration and alignment pose significant challenges, as tun-
ing the belt tension requires manually holding the roller while securing a screw-without
a dedicated tuning mechanism.

Furthermore, the system features a 90-degree junction where bottles frequently en-
counter operational issues. Bottles may rotate in place, causing vibrations in the conveyor
frame, and in the worst-case scenario, fall and spill water across the station. While water
spills are manageable, transporting corrosive liquids would pose more serious hazards.
To address these challenges, the following contributions are aimed to be achieved from
this research:

Development of a compact, embedded fault detection system based on the Seeed
Studio XIAO nRF52840 Sense microcontroller, leveraging its IMU and PDM microphone
sensors to monitor the dynamic behavior of the conveyor belt system in real time.

Implementation of an effective signal processing in a data-driven model: by ap-
plying the Discrete Wavelet Transform (DWT) combined with statistical feature extrac-
tion, to enhance the characterization of fault signatures from multi-sensor data (vibration
and audio) in order to extract features occurring in the error phase (stuck, delay). These
features are then used to train a machine learning model, enabling accurate classification
of conveyor system anomalies.
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Deployment and training of a lightweight and energy-efficient machine learn-
ing model, using batch normalization and TensorFlow Lite optimization techniques, to
achieve high fault detection accuracy on small and resource-constrained hardware like
the XIAO kit, making it a convenient and compact stand-alone device that does not re-
quire external hardware.

Demonstration of a real-time fault alert system, capable of detecting and classifying
different types of faults within milliseconds after event occurrence, with Bluetooth-based
notification to a host PC for immediate response.

Various approaches have been proposed for fault detection in industrial systems us-
ing embedded machine learning techniques. For example, Anusha [8] utilized wavelet
approximation and a four-layer ANN model with the Edge Impulse tool deployed on an
ESP32 microcontroller for conveyor belt maintenance. Moreover, there is also research
that has employed discrete wavelet transforms embedded within microcontrollers for
real-time anomaly detection in sensor data [9]. Additionally, deep learning methods com-
bined with wavelet transforms have been applied for gear fault diagnosis, demonstrating
the effectiveness of such hybrid approaches [10].

When compared to these studies, our work distinguishes itself by integrating sta-
tistical feature extraction with DWT for multi-sensor data, specifically tailored for de-
ployment on the compact XIAO nRF52840 microcontroller, making it a stand-alone de-
vice without external hardware. While previous works have demonstrated the feasibility
of wavelet-based methods and embedded deployments, our approach emphasizes the
combination of statistical features and DWT to enhance fault detection accuracy. Further-
more, the use of TensorFlow Lite for model deployment on the XIAO nRF52840 ensures
efficient real-time processing suitable for industrial conveyor systems.

2. METHODOLOGY

2.1. Experiment setup

As discussed in the previous section, this study focuses on the MPS-PA Bottling
Learning System, with the XIAO nRF52840 kit securely mounted on the conveyor belt
frame near the critical 90-degree junction (Fig. 1). This location was selected due to its
high vibration levels, which are ideal for capturing fault-related anomalies.

The XIAO nRF52840 kit collects three key types of data: sound, acceleration, and
angular velocity. Sound is captured using the onboard microphone, while acceleration
and angular velocity are measured through the integrated IMU.

Over the course of the experiment, 100 data samples were collected, each recorded
for 20 seconds, and the microcontroller sent all parameter data points every 5 ms. Data
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Figure 1. Festo MPS-PA Bottling Learning System (Festo, 2019). 

This study proposes a fault detection method using Embedded Machine Learning with the 

Seeed Studio Xiao nRF52840 microcontroller kit (Feng & Rovai, 2024) to monitor the 
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in the worst-case scenario, fall and spill water across the station. While water spills are 

Fig. 1. Festo MPS-PA Bottling Learning System [7]

acquisition took place under both idle and operational conditions of the conveyor belt,
capturing a diverse range of operational states to ensure robust analysis.

Fig. 2 illustrates the placement of the XIAO nRF52840 kit on the conveyor frame,
highlighting its position near the area identified as experiencing the highest vibration
levels. Fig. 3 provides an overview of the experiment setup, including data acquisition,
preprocessing workflows, and the integration of the fault detection model.
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Figure 3. Experiment Overview. 
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Fig. 2. The XIAO nRF52840 kit is securely mounted on the conveyor frame using double-sided
tape, positioned near the junction identified as the area with the highest vibration levels
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Fig. 3. Experiment overview

2.2. Data preprocessing

For IMU sensor data, the modeling of transverse vibration of conveyor belts in terms
of the trough angle shows that the common vibration frequency on conveyors is up to
125 Hz [11], meaning 100 Hz when rounded down. According to the Nyquist Law and
the IMU datasheet (LSM6D3), the accelerometer and gyroscope can be configured to sam-
ple at 13, 26, 52, 104, 208, 416, 833, 1666, 3332, or 6664 Hz. We decided to choose 208 Hz
as a safe sampling rate for the IMU sensor in this case. For the PDM sensor, 16 kHz is the
standard sampling output rate. For industrial noises, 5–8 kHz [12] is also an acceptable
sampling rate range.

2.3. Feature extraction

Feature extraction is a crucial step in machine learning, converting raw data into a
structured format for effective model interpretation [10]. After processing and normal-
ization, relevant features are extracted to train the fault detection model:

- 0 (Normal operation): The idle state.

- 1 (Delay error occurs): Mean that the object velocity is affected by a fault on the
conveyor line, resulting in a slight to significant reduction in velocity.

- 2 (Stuck error occurs): The worst scenario in conveyor operation, where the bottle
falls and becomes stuck at a fault position on the conveyor line.

These features are extracted from overlapping 0.2-second windows within each sam-
ple, with a 50% overlap, ensuring transient events are effectively captured.

2.4. Discrete wavelet transform

Classifying between stuck and fallen bottles, or distinguishing scenarios such as a
single bottle stuck, multiple bottles stuck, or multiple bottles fallen, is highly nuanced. To
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address this complexity, this study investigates the potential of DWT for spectral analysis
and feature extraction [10].
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Fig. 4. DWT process to create the dataset

Daubechies wavelets are a family of orthogonal wavelets characterized by their
smoothness, compact support, and high vanishing moments, making them well suited
for processing discrete signals with gently varying frequencies such as vibration, sound,
or rotation.

Daubechies 3 (db3) is a specific variant with three vanishing moments, which bal-
ances well between accuracy and computational efficiency. With its asymmetric structure
and high smoothness, db3 helps filter noise effectively and preserve necessary details in
the signal without increasing computational complexity excessively. Also, in the study
by Jha et al. [13], different wavelets were compared for noise filtering and error detection
in vibration signals, and it was concluded that Daubechies wavelets, including db3, are
capable of retaining important frequency features, which helps in effective error detec-
tion.
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The DWT process involves decomposing a time-series signal, s, using a pair of filters:
a low-pass decomposition filter and a high-pass decomposition filter. These coefficients
are then downsampled by a factor of two. The process is repeated by applying the same
set of filters to the approximation coefficients (cA1), generating subsequent levels of ap-
proximation and detail coefficients (cD1, cD2, etc.). This recursive decomposition can
continue for n levels, resulting in a final set of coefficients.

- Approximation coefficients (cA1), capturing the low-frequency components

A1(k) =
L−1

∑
n=0

x[2k − n] · h[n].

- Detail coefficients (cD1 and cD2), representing the high-frequency components

D1(k) =
L−1

∑
n=0

x[2k − n] · g[n],

D2(k) =
L−1

∑
n=0

A1[2k − n] · g[n],

where x[n] is the original signal (raw data); h[n] is the scaling filter (the low-pass filter);
g[n] is the wavelet filter (the high-pass filter); and L is the filter length (for DB3: L = 6).

2.5. Statistical features

The parameters root mean square, standard deviation, variance, etc. help the model
to identify faults by reflecting the level of chaos, rate of change, signal energy, oscillation
frequency, deviation, and abnormal peak frequency. These characteristics are also the
easiest data preprocessing method for the model to distinguish the three states: Idle,
Delay, and Stuck in fault detection.

2.6. Features comparison and analysis

From these data features, it is noticeable that each parameter from these sensors can
show differences in the signal if abnormal action occurs on the conveyor: the IMU for vi-
bration movement, and the PDM microphone for the collision sound made by the object
and the conveyor. By combining observations from a number of different sensors, a ro-
bust and complete description of an environment or process of interest can be provided,
which is our purpose in this specific case.

Statistical features

Root mean square demonstrates the overall energy of the vibration. It reflects the
overall trend of signal noise, whether an error occurs or not, and its period.
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Standard deviation focuses more on the error signal detail, specifically the amount
of vibration, which increases markedly when the object starts to lag. However, once the
signal noise error is recognized, the standard deviation signal seems to lose detail over
time, which makes it still not reliable in terms of accuracy.

Variance tends to be similar to standard deviation but is more sensitive to large am-
plitudes and tends to demonstrate the highest amplitude in error. However, like the
standard deviation, it still lacks detail in terms of time series accuracy.

Discrete wavelet transform

A2 (Approximation): the lowest level of decomposed signal, meaning it reflects the
overall trend for the whole operation process and has an effective role in identifying long-
term idle states or the overall error trend, similar to the root mean square in statistical
features.
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                           Figure 5.DWT & Statistical Features comparison. Fig. 5. DWT and statistical features comparison.

In Fig. 5, D2 (Detail level 2) has the role of capturing medium-frequency oscillations,
and D1 (Detail level 1) demonstrates the highest frequency for fast collisions and strong
vibrations. At first glance, the signal details in these coefficients are highly accurate in
time series. When errors happen, the signals are clearly represented by sharp peaks in
signal features, indicating the ability to accurately locate the time of the fault. While
D2 reflects signs of slight impact, moderate vibration, or changes in the object’s state of
motion, D1 is particularly effective in detecting faults such as objects becoming stuck
due to collisions or abnormal vibrations. The sharp peaks in long-term errors at 11 and
17 seconds in Fig. 5 DWT plot demonstrate the high sensitivity of detail coefficients to
these types of faults.
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When combined with the A2 approximation coefficient that reflects the long-term
trend and background behavior of the system, the wavelet transform provides a com-
prehensive view of both the overall and detailed characteristics of the signal, which is
especially useful in classifying operating states such as idle, delay, and stuck in conveyor
systems.

3. MODEL DEVELOPMENT

This study utilizes TensorFlow Lite to develop an embedded fault detection model.
The dataset was split into an 80:20 ratio for training and validation, and batch normaliza-
tion was implemented to stabilize and accelerate training [14]. To handle class imbalance
in the dataset, compute class weight() was used to assign appropriate weights to each
class, reducing bias toward the majority class and improving the accuracy of error detec-
tion. The model is a multi-layer fully connected neural network built using TensorFlow’s
Sequential API. It consists of an input layer matching the feature size, followed by three
hidden layers:

- Layer 1: 256 neurons, ReLU activation, batch normalization, and dropout (0.3).

- Layer 2: 128 neurons, ReLU activation, batch normalization, and dropout (0.2).

- Layer 3: 64 neurons, ReLU activation.

The output layer has three neurons with a softmax activation function to classify ob-
jects into three categories: idle, delay, and stuck. The model is trained using categorical
cross-entropy loss, optimized with Adam, and evaluated based on accuracy. To prevent
overfitting, early stopping halts training if no improvement is observed after 10 epochs,
with a maximum of 100 epochs. A batch size of 32 is chosen to balance training effi-
ciency and model performance. After training and evaluating the model, it is saved as
a model.keras file and then converted to TensorFlow Lite. This conversion ensures that
the model fits within the small memory constraints of the XIAO nRF52840 while also
enabling faster inference.

4. EVALUATION

Once the datasets are ready, a hybrid model was developed and trained using both
statistical features extracted from raw sensor data and features derived from Discrete
Wavelet Transform (DWT) coefficients. Table 1 summarizes the evaluation results of these
models based on precision, recall, and F1-score.

From Fig. 6, the data points in the stuck group form a relatively separate cluster
compared to the rest. This shows that the model has learned the features related to the
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Table 1. Model results

Precision Recall F1-score

Normal (0) 0.93 1.00 0.96
Delay (1) 0.99 0.86 0.92
Stuck (2) 0.89 0.95 0.92

phenomenon of objects stuck on the conveyor belt for a long time well. The idle group
and delay group tend to have considerable overlap. The difficulty in separating these
classes may be due to the fact that the data characteristics between Idle and Delay are not
clearly different enough.
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Fig. 6. t-SNE graph of ML model

One main reason is that the current delay labeling rule is not yet optimal. During the
collection and labeling process, short delay phenomena are still labeled as delay, while in
essence they can be considered normal activities (idle). For the stuck group, the definition
is more clear (objects stuck for more than 4 seconds or collision/fall), making it easier for
the model to learn and distinguish.

5. DISCUSSION AND FUTURE DIRECTIONS

In summary, this study proposes a fault detection model using TensorFlow Lite on
the Seeed XIAO nRF52840 kit and evaluates it with the Festo MPS-PA Bottling Learning
System. The model, trained on both statistical features and features derived from wavelet
coefficients, reached 94% accuracy.
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However, certain challenges were identified during the study. The occurrence of se-
vere cases, such as falling bottles, was extremely rare, making it time-intensive to collect
sufficient data to capture this behavior. To address this, implementing an anomaly detec-
tion approach, such as K-Clustering Anomaly Detection [15], could be more efficient.

Additionally, the spectral analysis using Discrete Wavelet Transform (DWT) has not
been thoroughly explored. Moreover, the current training dataset does not cover all pos-
sible scenarios, necessitating the collection of more comprehensive data.

Furthermore, the fault detection alarm should be integrated with the MPS-PA Bot-
tling Learning System’s controller to enable immediate system shutdown upon detecting
a fault. Using the OPC-UA protocol for this communication would ensure seamless inte-
gration and efficient response times [16].

Finally, developing a preventive maintenance framework based on the proposed
model would further enhance the system’s longevity and operational efficiency. Such
a framework would also enrich the learning materials available for automation training
using the MPS-PA Didactic System, which already offers extensive educational content.
These enhancements would not only improve fault detection but also provide significant
educational value.
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