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Abstract. Intelligent systems have become an essential component of modern
technological landscapes. Their reliability is a major concern, as faults can lead to catastrophic
consequences for their behavior and overall performance, making Fault Detection and Isolation
(FDI) a critical task for such systems. The complex nonlinear dynamics involved in their
operation make this task more challenging. In this context, this paper proposes an intelligent
fault detection and isolation methodology, using an incubator system as a representative case
study. The proposed method employs a Nonlinear Autoregressive Exogenous (NARX) neural
network in a parallel structure to model the complex nonlinear system dynamics. Different
implementations of the NARX model, based on Multilayer Perceptron (MLP), Long Short-
Term Memory (LSTM), Gated Recurrent Unit (GRU), and Elman networks, were compared to
assess their modeling performance and determine the best-performing model. The differences
between these predictions and the actual outputs are referred to as residuals. For fault
classification, a comparative study was conducted among five machine learning (ML) methods:
Multilayer Perceptron, Extreme Gradient Boosting (XGBoost), Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), and Linear Discriminant Analysis (LDA). These
methods analyze the residuals to isolate the specific fault from predefined potential faults,
including both actuator and sensor faults. The results demonstrate the effectiveness of the
intelligent FDI methodology presented in this work. The NARX models proved effective with
high modeling performance, particularly the MLP-NARX, which outperformed the other
models. The comparative study of classifiers highlights the performance differences among the
five methods, with the MLP classifier achieving the best results across all metrics. This
confirms its suitability for practical FDI applications, due to its strong ability to capture
complex nonlinear relationships in the data.

Keywords: fault detection and isolation, incubator, multilayer perceptron, NARX
modeling, residual generation and evaluation, recurrent neural networks, machine learning
classifiers, intelligent systems.

1. Introduction. Intelligent systems are increasingly prevalent
across modern technological applications. These systems perceive their
environment, act rationally in it, and interact with agents, with the objective
of maximizing operational success. Such systems are exposed to faults,
which disrupt this process and can lead to significant consequences. In this
context, fault detection and isolation represent a critical task for intelligent
systems, enhancing reliability and minimizing operational costs. Fault
detection refers to the process of determining whether a fault has occurred
and when, while fault isolation consists of identifying which specific fault
from a predefined set has occurred. A representative example of such
systems is egg incubators [1], where maintaining precise conditions of
temperature and humidity is crucial for proper embryo development. Any
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fault can compromise these conditions, resulting in serious consequences. A
fault in the humidifier or heating system, for example, can cause rapid
fluctuations in the internal environment. The criticality of such faults stems
from the significant influence of temperature and humidity on hatchability
rates and other key parameters, as evidenced by studies [2, 3]. Such failures
also have economic repercussions. A lower hatching rate means reduced
production and revenue losses for producers. For consumers, this could lead
to higher prices for eggs and related products.

In this paper, an intelligent Fault Detection and Isolation (FDI)
methodology is proposed, with an incubator system as a representative case
study. The complex nonlinear dynamics of the system were captured
through a Nonlinear Autoregressive Exogenous (NARX) model in a parallel
structure, for which we compared four types of neural networks
implementing it: Multilayer Perceptron (MLP), Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Elman. The fault classification
was performed using five different machine learning methods: MLP,
Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), and Linear Discriminant Analysis (LDA).
The main contributions of this work are: (1) the proposal and validation of
an intelligent FDI methodology that avoids reliance on a mathematical
model; (2) a comparison of different types of neural networks implementing
the NARX model to determine the one best suited to capture the complex
nonlinear dynamics of the system; (3) a comparative study of ML classifiers
to improve fault classification performance; (4) the introduction of FDI to
the rarely explored field of the poultry industry via application to an
incubator system.

This paper is organized as follows. Section 2 presents a review of
related work. In Section 3 the design and implementation of the incubator is
described, while Section 4 presents the methodology of FDI, which includes
residual generation and evaluation. Section 5 outlines the research stages,
providing an overall view of the research process. Section 6 details the
application of this methodology to our case, including the modeling and
classification parts, as well as the introduction of faults into the system.
Section 7 presents the results, along with their analysis.

2. Related work. Numerous approaches have been developed for
FDI across various applications [4]. These approaches can be classified into
two main categories: model-based and intelligent methods.

The first category involves model-based methods [5, 6], which rely
on a mathematical model to represent the dynamic behavior of the fault-free
system. The difference between the model’s predicted output and the actual
output measurements generates residuals. These residuals are analyzed to
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extract relevant information about faults. This process corresponds to what
is known as residual generation and residual evaluation. The main model-
based techniques used for FDI are based on observers [7, 8], which estimate
the internal states of the system based on measurable outputs, and Kalman
filters [9, 10], which rely on a system model to generate optimal state
estimates and detect anomalies in system behavior.

The main obstacle in using model-based methods lies in the
difficulty of obtaining a precise mathematical model of the system, which is
generally a complex and costly task. This challenge is particularly
pronounced for systems exhibiting complex nonlinear behavior, such as egg
incubators, which limits the practical applicability of model-based FDI
methods for these systems.

On the other hand, intelligent methods do not depend on a
mathematical model, as they are trained using only the available input-output
data from the system or using system knowledge. This characteristic makes
them particularly suitable for FDI tasks in egg incubator systems. Across
different application domains, various intelligent methods have been applied
to FDI in the literature, such as Artificial Neural Networks (ANNs) [11 — 15],
fuzzy logic systems [16, 17], and SVM [18, 19].

In addition to these approaches, hybrid methods have been proposed,
which combine intelligent and model-based techniques. In such cases,
intelligent methods are often used as classifiers rather than dynamic models;
they analyze the residuals generated by the model-based methods [20, 21].

ANNSs are one of the most popular Artificial Intelligence tools used
in FDI. Among the advantages of these methods are their capacity to extract
generalized knowledge from the available measurement data, their ability to
operate autonomously and their capacity to process data precisely even
under conditions of uncertainty. Among the various types of neural
networks (NNs) used in FDI, such as Radial Basis Function (RBF)
networks [22, 23], Convolutional Neural Networks (CNNs) [24, 25], and
Recurrent Neural Networks (RNNs) [26 — 28], one of the most widely used
is the MLP [29, 30], due to its simplicity and wide applicability.

Considering their capacity to capture complex, nonlinear
relationships in system behavior, NNs have been proposed as dynamic
models for FDI applications [31-33]. Among the various NN
architectures, the NARX stands out as one of the most suitable and widely
used for such tasks, as it explicitly incorporates past inputs and outputs,
enabling it to model the temporal dependencies inherent to dynamic
systems. In [34], the authors applied a NARX neural network to model a
distillation column for a fault detection task, highlighting its ability to
capture the nonlinearity of the process and model the system dynamics
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based on time-series data. Such capabilities align with the complex
nonlinear dynamics of egg incubators, making NARX neural networks
highly relevant for FDI applications in these systems. In [35], the authors
demonstrated their suitability for room temperature and relative humidity
prediction in indoor environments. NARX neural networks have
demonstrated higher prediction accuracy compared to traditional linear
models [36, 37], such as ARX and ARMAX. The performance of these
models is limited when dealing with complex nonlinear relationships [38],
as they are based on the assumption of linear dependencies among system
variables. In [39], the authors demonstrated the limitations of ARX models
in capturing the nonlinear dynamics of hydrological variables, whereas the
NARX neural network proved more suitable and achieved superior
performance. These limitations of linear models were further highlighted
in [40], where the ARX model was shown to be limited in capturing heat
transfer nonlinearities for indoor temperature prediction.

In the literature, several regression algorithms have been employed
to implement the NARX model [41]. In [42], the authors proposed a method
for predicting the Mach number based on an EIman-NARX model. In [43],
a tide level prediction method was presented, with an approach based on
NARX models implemented by three types of recurrent neural networks:
LSTM, GRU, and bidirectional long short-term memory (BIiLSTM).
Another work [44] compared the MLP-NARX and LSTM-NARX models
for the velocity prediction of a pipeline inspection gauge.

In addition to modeling tasks, the ability of NNs to learn complex
patterns in input-output data makes them also a relevant choice for
classification. They can handle nonlinear relationships and learn directly
from labeled data. Among the most commonly used NN architectures for
classification tasks are the MLP [45, 46] and the RBF network [47, 48].

Another popular approach for classification within intelligent
methods is SVM [49, 50]. SVM is a powerful technique based on statistical
learning theory. It is particularly effective in high-dimensional spaces and
demonstrates good generalization capabilities. However, its performance
can be affected by noisy or overlapping classes, and it heavily depends on
the choice of the kernel function and tuning parameters.

XGBoost is also widely applied for classification tasks. This
algorithm has been reported to achieve high accuracy and precision [51,
52], but its complexity makes model interpretation challenging.

LDA is another commonly employed method for classification
tasks [53, 54], as it focuses on maximizing the separation between classes.
However, it relies on strong statistical assumptions about the data
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distribution, which may limit its effectiveness when these assumptions are
not met.

Another method commonly used for classification is KNN [55, 56].
It is simple to understand and implement, as it is essentially a distance-
based algorithm that makes predictions based on the nearest neighbors.
However, noisy data can significantly affect its performance.

The review of existing literature highlights a limited number of
studies applying FDI methods to egg incubators, despite the severe
consequences that faults can have on such systems. Some works focused
solely on monitoring temperature and humidity parameters, displaying
sensor readings so that the user can follow the proper functioning of the
incubator [57 — 59]. Most existing studies are limited to basic fault detection
based on thresholding, where faults are detected when specific physical
parameters exceed predefined limits [60 —62]. These approaches can only
indicate the presence or absence of a fault and perform poorly in complex or
varying operating conditions. Other works relied on rule-based reasoning
[63], which requires an extensive database of rules. However, building such
a database is time-consuming, requires detailed knowledge of the system,
and offers limited adaptability to changes in the system or its operating
conditions.

This study proposes an intelligent FDI methodology that involves
two key components: (1) modeling the complex nonlinear system dynamics
using a NARX model for which different neural network implementations
are compared, and (2) a comparative study of different machine learning
classifiers. The aim is to achieve improved fault isolation and,
consequently, better system performance. In light of the very limited prior
work on FDI for egg incubators, mostly restricted to parameter monitoring
or basic fault detection, the proposed methodology is applied to this system,
requiring neither a mathematical model nor expert-defined rules.

3. System description. This section focuses on the design and
implementation of a custom incubator system for controlling temperature
and humidity in a closed environment.

The system is composed of two chambers. The first chamber
contains the humidity source, which consists of an ultrasonic humidifier
submerged in water and a speed-adjustable fan. The fan pushes the moisture
generated by the humidifier into the second chamber, which contains an
adjustable power lamp acting as a heat source. This chamber also includes a
DHT22 sensor to measure both temperature and humidity. Data are
acquired every 5 seconds. The previously described system is schematized
in Figure 1.
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The entire system is controlled by an Arduino Mega board. The fan
speed is regulated through a 5V pulse-width modulation (PWM) signal,
with values ranging from 0 to 255. The lamp is powered by a variable 220V
AC voltage and is controlled by a 5V PWM signal from the Arduino. This
signal is sent to a dimmer, which correspondingly adjusts the 220V AC
voltage supplied to the lamp.
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Fig. 1. Schematic representation of the incubator design

To illustrate the practical implementation of the proposed system,
Figure 2 presents real images of the custom incubator. Given its dynamic
nature, the parameters of the system are inherently temporal; therefore, the
temperature and humidity measurements form time-series data. The system
dynamics are characterized by nonlinear dependencies between the system’s
parameters, which arise from fundamental thermodynamic relationships.
Temperature variations cause relative humidity to respond nonlinearly, as
the amount of water vapor the air can hold changes according to the
Clausius-Clapeyron relation. At the same time, the water vapor content
influences temperature dynamics by modifying the heat capacity of the air
in the incubator [64]. The air temperature also varies nonlinearly with the
applied lamp voltage due to Joule heating.

The temperature output y; is approximated in Equation (1) as a
function of its past values, the past values of the humidity output y, and the
past values of the control inputs u, for the fan and u, for the lamp. f; is the
describing function of the temperature output.

yi(®) =i =D,y (E = 2), ., y2(6 = D),y (8 = 2), ...,

Uy (t = 10,23 (t = 20, sty (E — 1)Uy (E — 2), ). @)
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Fig. 2. Real images of the custom incubator: a) chamber 1, b) chamber 2

The notation (t — 1) simplifies the representation of the system’s
previous value at the preceding sample, indicating that the current value
depends on its immediate past value.

The same principle applies to humidity, as shown in Equation (2),
which is defined over the same set of variables as in Equation (1), where f,
is the describing function of the humidity output.

Y2(8) = L2t = 1), y,(t = 2), ., y1 (8 = D, y1 (£ = 2), ., @)
u (t — 1), u (¢t —2), ..., uy(t — 1), u,(t — 2),...).

4. FDI methodology. The fault detection and isolation process
comprises two main tasks: residual generation and residual evaluation.

The overall FDI methodology is presented in Figure 3. Firstly, an
NN model is trained using data collected from the fault-free system, known
as the healthy condition. Then, the model is used in parallel with the actual
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system to predict the outputs. The difference between the system outputs
and the model predictions forms the residual signal. This constitutes the
residual generation stage. Thus, under fault-free conditions, the residual
consists solely of modeling error caused by noise and model-plant
mismatch. When a fault occurs, the system output is affected and deviates
from its nominal values, while the model prediction remains unaffected by
the fault. Consequently, the residual has a significant deviation from zero,
which is caused by faults.
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Fig. 3. Schematic representation of the FDI methodology

The model used is a NARX network, which is capable of capturing
complex nonlinear dynamics. A comparative study is conducted among four
different neural network architectures that implement this model: MLP,
Elman, LSTM, and GRU. The best-performing architecture is then
employed for residual generation.

The first type of network considered is the MLP [65]. It is a
feedforward neural network composed of an input layer, one or more hidden
layers, and an output layer. It uses nonlinear activation functions to

Informatics and Automation. 2026. Vol. 25 No. 2. ISSN 2713-3192 (print) 417
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX U 3HAHUI

approximate complex relationships. The general formulation of the MLP
can be expressed as:

y(@) = (W, fr(Wyx(t) + by) + by), (3)

where x is the input vector; y is the output vector; W, and W, are the
learnable input-hidden and hidden-output weight matrices, respectively; b,
and b, are the corresponding bias vectors; f;, is the nonlinear activation
function of the hidden layer; and f;, is the output activation function.

The Elman network is also considered [66]. It is a type of recurrent
neural network that includes additional feedback connections from the
hidden layer output to the input layer. The recurrent units transfer the
previous hidden state back to the input, acting as a one-step time delay. The
mathematical formulation of the EIman network is given by:

h(@) = fr(Wylh(t = 1), x(O)] + by), (4)

where h is the hidden state; W, is the learnable weight matrix of the hidden
state; and by, is the corresponding bias vector.

The LSTM is also employed [67]. It is a type of recurrent neural
network capable of learning long-term dependencies through the
introduction of a memory cell that can preserve information over long time
intervals. Three different gates regulate the information flow within an
LSTM cell: the input gate, the forget gate, and the output gate, which
together determine what information should be added, retained, or discarded
from the cell state. The mathematical representation of the LSTM can be
formulated as:

(t) = a(W;[h(t — 1), x(0)] + by),
f(©) = o(We[h(t — 1), x(6)] + by),
g(t) = tanh (W, [h(t — 1), x(t)] + by),
o(t) = a(W,[h(t — 1), x(t)] + b,),
c®) =f(@) xc(t—1)+i(t) *g(O),
h(t) = o(t) = tanh(c(t)),

®)

where c is the new cell state; g is the candidate cell state; o is the sigmoid
function; * is the Hadamard product; i, f, and o are the input, forget, and
output gates, respectively; W;, Wy, Wy, and W, are the learnable weight
matrices of the input gate, the forget gate, the candidate cell state, and the
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output gate, respectively; b;, by, by, and b, are the corresponding bias
vectors.

The GRU network is also used [68]. It is a recurrent neural network
adapted from the LSTM, which uses only two gates: an update gate and a
reset gate. The input and forget gates of the LSTM are merged into an
update gate. The GRU can be mathematically represented as:

r(t) = o(W,.[h(t — 1), x(t)] + b,),

z(t) = o(W,[h(t — 1), x(t)] + b,),
n(t) = tanh(W, [r(t) * h(t — 1), x(6)] + by), ()
h(®) = (1—2z(@)) *n(®) + z(t) * h(t — 1),

where n is the candidate hidden state; r and z are the reset and update gates,
respectively; W,., W,, and W, are the learnable weight matrices of the reset
gate, the update gate, and the candidate hidden state, respectively; b,., b,
and b,, are the corresponding bias vectors.

To perform residual evaluation, different machine learning methods
are used.

An MLP is employed as a classifier for residual evaluation. Faults
affect the residual vector in different ways, making it a valuable source of
information about all the faults. As a result, the residual vector serves as the
input to the neural classifier, which is trained as follows. Residual data are
collected for all system states, encompassing both the healthy condition and
every faulty state. These data are then introduced as inputs to the classifier.
For each state, the classifier’s target output vector is set to 0, except for the
element corresponding to that particular state, which is set to 1. Thus, when
the neural classifier is tested to isolate faults with residual inputs, one of its
outputs activates to ‘1’ to indicate that the system is in the state associated
with that output. This characteristic allows for clear fault isolation, given
that all possible faults exhibit distinct characteristics and that they occur
separately.

The other methods are trained similarly, using the same residual
vectors under known system states as inputs, but with a unique label
assigned to each state as the output.

Fault isolation is also performed using an SVM. An SVM is a
supervised learning technique designed to classify data into different classes
by constructing hyperplanes in a high-dimensional space. During fault
isolation, the SVM identifies the system state based on the position of the
residual in input relative to the hyperplanes and assigns the corresponding
label in output.
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XGBoost is also used. It is a machine learning method that utilizes
ensembles, which combine multiple weak learners, typically decision trees,
to build a strong predictive model.

LDA is another applied method. It is a linear technique that performs
dimensionality reduction to separate multiple classes, thereby enabling fault
isolation.

The KNN method is also employed. It assigns a class label to a
sample by analyzing the K nearest neighbors in the feature space and
selecting the most frequent class among them.

The performance of these methods in fault isolation is compared and
evaluated.

5. Research stages. In the present study, the proposed FDI
methodology was applied through a sequence of clearly defined stages. This
section briefly outlines these steps to provide a clear understanding of the
overall research process.

—  System modeling. Data were collected from the incubator in
the healthy state. A set of different amplitude steps was generated for each
of the two inputs to obtain a representative dataset. Different NARX
models, each based on a distinct neural network type, were then trained on
these data to capture the system’s dynamic behavior in the healthy state,
thereby enabling residual generation. A linear ARX model was also
estimated for comparison with these NARX neural networks, in order to
validate their use within the proposed approach.

— Simulating faults. To acquire system data under faulty
conditions, controlled fault scenarios were created by manually introducing
faults into the system. Actuator faults were applied at the control level,
while sensor faults were introduced at the output level.

—  Fault classification. Residual data were collected from each
system state, including both healthy and faulty conditions. Different
machine learning classifiers were trained on these data to enable fault
isolation.

—  Model evaluation. The trained models were assessed by
computing regression metrics, namely. the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE), to compare their performance and identify the best-
performing model.

—  Classifier evaluation. The trained classifiers were tested on
residual datasets representing healthy and faulty system states. Their
performance was assessed through a comparative study based on accuracy,
precision, recall, and F1-score, with the aim of identifying the most
effective method for fault isolation.
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6. Application. This section details the application of the proposed
methodology to the egg incubator system.

6.1. Incubator modeling. The capacity to understand and predict
complex system behavior has improved considerably with the introduction
of NNs for nonlinear dynamic modeling. Their proven effectiveness in
capturing complex nonlinear dynamics of systems has made NARX models
an ideal choice for this modeling task. The NARX architectures include two
main structures: parallel and series-parallel.

In the series-parallel structure referred to as open-loop architecture,
the output of the process serves as an input to the NN. The network training
is significantly simpler in the open-loop architecture. After the open-loop
training process is completed, the network can perform one-step-ahead
prediction. However, the objective is system modeling, which requires
multi-step-ahead prediction. This is only possible in the parallel structure
referred to as the closed-loop architecture which uses the model’s own
output, instead of the process output, as part of the inputs. However, a
network trained only in open-loop often performs poorly when switched to
closed-loop operation. For this reason, the networks were trained directly in
the closed-loop configuration. Although more challenging, this approach
ensures good performance in the parallel structure and enables accurate
multi-step-ahead predictions.

Different implementations of the NARX model were realized using
four types of neural networks: MLP, LSTM, GRU, and Elman, serving as
nonlinear function approximators.

The incubator system has two input variables — the power supplied to
the fan and the lamp — and two output variables: temperature and humidity.
Creating an informative training dataset is one of the most critical tasks in
modeling, as it plays a crucial role in the accuracy of the neural network. To
obtain a representative dataset, a set of different amplitude steps was
generated for each of the two system inputs: the power supply for the fan
and the lamp. Each step had a duration of 20 minutes. The excitation
signals, which correspond to PWM signals controlling the two actuators,
were bounded between 0 and 125 for the lamp and between 0 and 255 for
the fan. Each signal had a total duration of 10 hours. The excitation signals
are shown in Figure 4. The dataset presents several challenges, including
missing values and erroneous zero values. These challenges are especially
significant given the time-series nature of the data, as they disrupt
continuity, leading to potentially inaccurate predictions. Missing values
were imputed using linear interpolation, which assumes a linear trend
between the two known values surrounding the missing entry. Zero values
were treated similarly. This approach restores data continuity, aligning the
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interpolated values with the context provided by the surrounding data
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Fig. 4. Excitation signals: a) for the fan, b) for the lamp

The data were divided as follows:

—  Training: 70%.

— Validation: 15%.

—  Testing: 15%.

Due to the interconnected nature of the system, our NARX models
were configured as multi-input multi-output (MIMO) systems. Past input
and output values were introduced using Tapped Delay Lines (TDLS),
which enable the model to capture the temporal dependencies present in the
system’s time-series data. We selected the output delays d, = d, = 6 and
input delays d; = d, = 6 for the system modeling. These delay values
correspond to the number of past samples used for prediction.

The predicted outputs y,, and y,,, are given by Equations (7) and
(8), where f;,, and f5,, are the neural network’s input-output relation for
temperature and humidity output, respectively; d; and d, denote the output
delays; d5 and d, are the input delays; and u, and u, represent the control
inputs for the fan and lamp.
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Vip() = fipOp(t —diit — 1), y5p(t — dpit — 1),
U (t —dsit — 1), u,(t —dy:t — 1)).

U]

Vop(£) = fop(Vap(t —dpit — 1), y1,(t —dy:t — 1), ®)
U (t —dsit — 1), u,(t —dy: t — 1)).

Configuring a neural network involves several decisions, including
the number of hidden layers and neurons, the choice of activation functions,
the optimization algorithm, the loss function, and the number of epochs.
These parameters significantly influence the network’s performance.

For the MLP network, the following configuration was used:

— Number of hidden layers and neurons: 1 hidden layer
with 10 neurons.

— Activation functions: Sigmoid hidden layer, Linear
output layer.

—  Number of epochs: 1000 epochs.

—  Optimization algorithm: Bayesian regularization backpropagation
algorithm [69 — 71].

For the EIman network, the following configuration was used:

—  Number of hidden layers and neurons: 1 hidden layer
with 45 neurons.

— Activation functions: Hyperbolic tangent hidden layer, Linear
output layer.

—  Number of epochs: 201 epochs.

—  Optimization algorithm: Limited-memory Broyden—Fletcher—
Goldfarb—Shanno (L-BFGS) optimization algorithm [72].

For the LSTM network, the following configuration was used:

—  Number of hidden layers and neurons: 1 hidden layer
with 45 neurons.

— Activation functions: Sigmoid gate activation, Hyperbolic
tangent state activation, Linear output layer.

—  Number of epochs: 247 epochs.

—  Optimization algorithm: L-BFGS optimization algorithm.

For the GRU network, the following configuration was used:

— Number of hidden layers and neurons: 1 hidden layer
with 50 neurons.

— Activation functions: Sigmoid gate activation, Hyperbolic
tangent state activation, Linear output layer.

—  Number of epochs: 139 epochs.

—  Optimization algorithm: L-BFGS optimization algorithm.
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All NARX models used the Mean Squared Error (MSE) as the loss
function. These choices were made to optimize the modeling performance
of the networks.

A linear ARX model was also estimated for comparison with these
NARX neural networks, in order to validate their use within the proposed
approach. The ARX model is a classical linear model structure that predicts
the current output as a linear combination of past outputs and inputs. The
ARX model was configured as a MIMO system with the following
parameters: number of past output terms set to n,; = n,, = 6; the number
of past input terms set to n,, = n,, = 6; and the input-output delays set
to n,,; = ny, = 1interms of the number of samples.

The predicted outputs y,, and y,, are given by Equations (9) and
(10) as linear combinations of past outputs and inputs, where a, ;, a,;, as;,
au;and by, byy, bs;, by, are constant model parameters estimated using
the Ordinary Least Squares (OLS) method [73], which minimizes the Sum
of Squared Errors (SSE). The parameters n,, and n,, represent the
number of past outputs; n,; and n,, denote the number of past inputs;
and n,, and n, are the input-output delays. The variables u, and
u, correspond to the control inputs for the fan and lamp, respectively.

Nai Ng2
Yip(t) =~ Z ay,;Y1p(t —1) — Z Az Y2p(t — 1),
o e ©)
£ b=+ ) byt =0,
1=Tk1 =Ny
Na2 Na1
Vap(t) = Z Az yap(t — i) — Z Ay y1p(t — 1),
nb1 nbz (10)
+ Z bsu,(t — i) + 2 by u,(t —0).
=Ty =Nz

The implementations were carried out in MATLAB (R2023a) using
the Deep Learning Toolbox and System lIdentification Toolbox, and in
Python 3.13.5 using the PyTorch library. The experiments were conducted
on a computer with an Intel Core i7-1255U processor (1.70 GHz, 10 cores),
16 GB of RAM, running Windows 11.
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6.2. Fault simulation. To acquire system data under faulty
conditions, controlled fault scenarios were created. To this end, faults were
introduced manually into the system. Actuator faults affect the system at the
control level, whereas sensor faults manifest at the output level. Faults can
manifest in various forms such as sudden steps, ramps, or other forms,
depending on their nature.

We considered three different faulty states: one sensor and two
actuator faults. The actuator faults were introduced as steps of different
amplitudes: f,, = 60 for the lamp fault, f,,;, = —75 for the fan fault. The
sensor fault, affecting the humidity measurement, varied within a range of
fy2 € [3,5]%. These faults were chosen to reflect plausible fault scenarios
in the incubator’s operating conditions.

6.3. Fault classification. To perform the isolation of the faults
simulated in the system, different machine learning methods were used as
fault classifiers, namely MLP, SVM, KNN, LDA, and XGBoost.

The MLP classifier has two inputs (corresponding to the residual
vector dimension) and four outputs (representing the healthy and the three
faulty states). Residual data were collected for each system state, resulting
in four distinct datasets. The classifier was trained so that for each dataset,
the output corresponding to that state was set to 1, while all others were set
to 0.

In total, 9280 residual data samples were collected: 1600 for the
healthy state, 2400 for actuator fault 1, 2640 for actuator fault 2, and 2640
for the sensor fault. These data were used to train the MLP classifier, with
target assignments as described above.

The configuration of our neural classifier was determined as follows:

— Number of hidden layers and neurons: 1 hidden layer
with 10 neurons.

— Activation functions: Sigmoid (hidden layer), Softmax
(output layer).

—  Number of epochs: 1000 epochs.

— Optimization algorithm: Bayesian regularization
backpropagation algorithm.

—  Loss function: Mean Squared Error.

These choices were made to optimize the network’s classification
performance.

The other methods were trained using the same two-dimensional
residual vector as input, representing the system’s deviations under various
conditions, which is the same vector used for training the MLP classifier.
However, they have a single output that assigns a specific label to each
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distinct state: 1 for the healthy system, 2 for actuator fault 1, 3 for actuator
fault 2 and 4 for the sensor fault.

For the SVM, the RBF kernel was selected for its capacity to capture
nonlinear relationships within the data. This kernel is commonly used for
classifying complex system states. To address multi-class classification
problem, the Error-Correcting Output Code (ECOC) method was applied.
This technique simplifies the multi-class problem by dividing it into several
binary classification tasks, thereby enhancing the SVM’s ability to
differentiate among various fault conditions.

The applied XGBoost classifier is based on decision trees. It builds
an ensemble of trees sequentially, with each new tree designed to correct
the errors of the previous ones. The total number of trees was fixed at 100,
with a maximum depth of 6 per tree. A learning rate of 0.3 was set to
control the contribution of each tree to the final model. The loss function
was multiclass logarithmic loss.

The KNN algorithm was employed. it determines the class of a sample by
considering the K closest points in the feature space and assigning the most
frequent class among them. The number of neighbors (K) was set to 5.

LDA was also applied. It operates by projecting the data onto a
lower-dimensional space to maximize inter-class separation, thereby
enabling fault classification.

The implementations were carried out in MATLAB R2023a (using the
Deep Learning Toolbox and the Statistics and Machine Learning Toolbox) and in
Python 3.13.5 (using the XGBoost library for the XGBoost classifier). The
experiments were conducted on a computer with an Intel Core i7-1255U
processor (1.70 GHz, 10 cores), 16 GB of RAM, running Windows 11.

7. Results and discussion. This section presents and analyzes the
modeling and classification results.

7.1. Modeling results. To quantitatively assess the modeling
performances of the considered models, three regression metrics were
considered:

— Mean Absolute Error: This metric measures the average
absolute difference between the predicted and actual values. It is calculated
using the following formula:

n
1
MAE ==y = 3l GEN
i=1

where y; denotes the actual incubator output at sample i ; J; the
corresponding predicted output from the model; and n the total number of
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samples. A lower MAE indicates that predictions are, on average, closer to
the actual values.

— Root Mean Squared Error: This metric computes the square
root of the average of squared differences between predicted and actual
values. It is calculated using the following formula:

n
1 2
;Z(yi -9
i=1

RMSE penalizes larger errors more heavily, making it sensitive to
significant deviations.

—  Mean Absolute Percentage Error: This metric expresses the
prediction error in relative terms, regardless of the scale of the data. It is
calculated using the following formula:

RMSE = (12)

100«
MAPE = —
n

i=1

yi— i

Vi

. (13)

Table 1 presents the performance metrics of the models for the
humidity and temperature outputs. A notable difference can be observed
between the linear ARX model and the NARX neural networks. The ARX
model exhibited higher error values for both outputs, with MAE values
of 0.87 and 0.28 for humidity and temperature, respectively. This result
indicates the limitation of linear modeling approaches, such as ARX, in
capturing the behavior of systems with nonlinear dynamics.

Table 1. Model performance comparison

Model Output MAE RMSE MAPE

ARX Humidity 0.87 1.04 1.25
Temperature 0.28 0.34 0.85
Humidity 0.15 0.21 0.21

MLP-NARX Temperature | 0.08 0.12 0.24
Humidity 0.29 0.37 0.42

ELMAN-NARX Temperature | 0.09 0.12 0.29
Humidity 0.24 0.30 0.33

LSTM-NARX Temperature | 0.10 0.13 0.32
Humidity 0.30 0.38 0.44

RU-NARX

GRU Temperature 0.09 0.12 0.29
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In contrast, the NARX models achieved low error metrics,
demonstrating their effectiveness in modeling both outputs. Furthermore,
the small differences between the RMSE and MAE values for these models
indicate the absence of significant error peaks, as RMSE penalizes large
errors more heavily. Performance differences among the NARX neural
networks are more pronounced for humidity prediction, while temperature
predictions remain relatively similar. The comparative study showed that
the MLP-NARX model achieved the best results, with MAE values of 0.15
and 0.08 for humidity and temperature, respectively. The LSTM-NARX
model ranked second, with MAE values of 0.24 for humidity and 0.10 for
temperature. The Elman-NARX and GRU-NARX models demonstrated
very similar, yet slightly lower, performance, with respective MAE values
of 0.29 and 0.30 for humidity and an MAE of 0.09 for temperature. The
strong performance of these different implementations of the NARX model
highlights its suitability for modeling nonlinear dynamics.

Figure 5 illustrates the modeling results obtained with the selected
MLP-NARX model by comparing the actual and predicted outputs of the
incubator. The figure shows the last 1200 samples of the training dataset
and 1680 samples from the test set, with actual and predicted values plotted
for each output. The close alignment between the curves visualizes the low
prediction error.
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Fig. 5. MLP-NARX Modeling results: comparison between actual and predicted
outputs: a) Humidity output, b) Temperature output
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7.2. Classification results. The classifiers were evaluated using a
structured dataset comprising a total of 2160 samples. The first 250 samples
were from the fault-free condition, followed by 250 samples representing
the sensor fault condition. An additional 220 healthy-state samples were
then included. Subsequently, the dataset included 720 samples for actuator
fault 2 and 720 samples for actuator fault 1. Table 2 lists the data samples
with their corresponding system states.

Table 2. Data samples with their corresponding system states

Data samples System state
1-250 Healthy system

251-500 Sensor fault
501-720 Healthy system
721-1440 Actuator fault 2
1441-2160 Actuator fault 1

The fault isolation was achieved using five machine learning
algorithms: MLP, SVM, KNN, LDA, and XGBoost. Their effectiveness for
the fault classification task was evaluated through a comparative study
based on the following performance:

— Accuracy: It measures the overall proportion of correct
predictions, providing a global indicator of the classifier’s performance. It is
calculated using the following formula:

Number of Correct Predictions

Accuracy = (14)

Total Number of Predictions

—  Precision: It measures the proportion of true positive
predictions cases among all positive predictions. It is calculated using the
following formula:

Precisi e (15)
recision = TP + FP,

where, for a given class, True Positives (TP) denote samples of the class
correctly identified; True Negatives (TN) are samples from other classes
correctly rejected; False Positives (FP) correspond to samples incorrectly
assigned to the class; and False Negatives (FN) are samples of the class that
the model failed to recognize. High precision indicates a low rate of false
positive errors.
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—  Recall: It measures the proportion of actual positive cases that
are correctly identified. It is calculated using the following formula:

TP
= 16
Recall Y (16)

High recall indicates that the model successfully captures most of the
relevant positive cases.

—  Fa-score: It is the harmonic mean of precision and recall. It is
calculated using the following formula:

Precision X Recall

F, — score =2 X (17)

Precision + Recall’

It provides a balanced measure between precision and recall, making
it particularly useful when both false positives and false negatives are
critical, as is the case in our FDI task.

Precision, recall, and F;-score were calculated for each class and
then averaged using the macro-averaging method, which assigns equal
weight to all classes.

Table 3 presents the performance metrics of the different ML
algorithms for the fault classification task. The comparative study of the
different classifiers showed that the MLP classifier achieved the highest
results across all metrics, with an accuracy of 95.8%, precision of 96.5%,
recall of 96.8%, and F1-score of 96.6%. These results indicate that the MLP
is both highly accurate in its predictions and balanced in terms of precision
and recall, making it effective at minimizing both false positives and false
negatives, which is crucial for our FDI task.

Table 3. Performance comparison of machine learning classifiers

Classifiers Accuracy Precision Recall Fi-score
(%) (%) (%) (%)
MLP 95.8 96.5 96.8 96.6
LDA 88.8 86.8 89.4 86.1
XGBOOST 95.4 96.1 96.5 96.2
SVM 90.8 93.4 93.1 92.7
KNN 86.9 91.7 90.2 89.6

The XGBoost classifier was the second-best performer, with an
accuracy of 95.4% and an Fi-score of 96.2%. It demonstrated competitive
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performance, confirming its suitability for classification tasks, particularly
in handling nonlinear relationships.

The SVM also achieved strong results, with an Fi-score of 92.7%.
However, it underperformed relative to the top two methods, indicating a
lower ability to capture complex data patterns.

LDA and KNN achieved comparatively lower performance. LDA
assumes linear class boundaries, which limits its effectiveness on complex
nonlinear data, while KNN struggles to capture complex and global
relationships within the dataset. They exhibited contrasting performance
patterns. LDA tended to favor the majority class, resulting in higher
accuracy but lower precision, recall, and Fi-score. The low Fi-score for
LDA is a direct consequence of the imbalance between its precision and
recall. Conversely, KNN produced a more balanced distribution of
predictions across classes, which boosted its precision, recall, and Fi-score
but resulted in a drop in overall accuracy.

In conclusion, the results demonstrate that the MLP classifier, owing
to its strong ability to capture complex nonlinear relationships, achieved the
best fault classification performance, underscoring its high potential for
practical FDI applications.

8. Conclusion. In this paper, an intelligent FDI methodology was
proposed, using an incubator system as a case study. The design and
implementation of the incubator were presented. The complex nonlinear
system dynamics were modeled using a NARX neural network in a parallel
structure. A comparative study was conducted among different neural
networks implementing this model—MLP, LSTM, GRU, and Elman—to
identify the best-performing architecture. A linear ARX model was also
estimated for comparison with these NARX neural networks to validate
their use within the proposed approach. The obtained residuals were then
used for FDI using five classification methods: MLP, XGBoost, SVM,
KNN, and LDA, whose performance was compared. The results
demonstrated the effectiveness of the proposed FDI methodology. The
NARX models exhibited strong modeling performance, outperforming the
ARX model, with the MLP-NARX attaining the best results. The
comparative study of classifiers showed that the MLP classifier achieved
the best performance across all evaluation metrics, further highlighting its
potential for FDI system.
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M.A. ATMAHE, X. 3ATJIA, b. ToJisu, C.®d. HYAP, M. BYXAMAMA
HUHTEJUIEKTYAJIBHOE OBHAPYKEHHUE U U30JISILAS
HEWCIIPABHOCTEM HA OCHOBE HEMPOHHBIX CETEN NARX

Ammane M.A., 3amna X, Tonou b., Hyap C.®., Byxamama M. HNHTeNIeKTyalabHOe
oOHapy:KeHUe N U30.ISIIIMs HeHCIpaBHOCTeil Ha ocHOBe HelipoHHBIX ceTeil NARX.

AnHOTanus. MHTeNIeKTyalbHBIE CHCTEMBl CTald HEOTHEMIEMBIM KOMIIOHEHTOM
COBPEMEHHBIX TEXHOJOIHYeCKHX JaHamadroB. Bompoc ux HajexkxHOCTH SBISeTCS KpaiiHe
Ba)KHBIM, OCKOJIbKY BO3HUKHOBEHHE HEHMCIIPABHOCTEH CHIOCOOHO KaTacTpO(UUECKH CKa3aThCs
Ha (YHKIMOHHMPOBAaHMM U HTOrOBOIl J((EKTUBHOCTH CUCTEMBI, BCICACTBHE UETrO
obHapyxeHne W wm3omius HeucnpaBHocTedl (FDI) cTaHOBHTCS KpPHUTHYECKH 3HAYUMOMN
3agayeld. Peanusauust 5TOH 3agaduu OCIOXKHSAETCA NPHCYLIEH TaKUM CHCTEMAaM CIIOKHOM
HeNMHEeHHON NuHaMHKOH. B naHHOH paboTe B paMKax penieHHs yKa3aHHOW IpOOJIeMBbI
IpeuIaraeTcsl METOJOJIOTUSI HHTEIUIEKTYalIbHOTO OOHApYKEHUS M N30JIIUH HEHCIIPaBHOCTEH;
B KauyecTBe pENPE3EHTATHBHOTO IIpUMEpa paccMAaTpHBAeTCA CHUCTeMa HHKybaTopa.
IMpeutaraeMelii MeTOJ UCHOJIB3YET HEIMHEHHYIO aBTOPETpEcCHOHHYIO dKk30oreHHyI0 (NARX)
HEHPOHHYI0 CeThb B MapajuIeNbHON CTPYKTYpEe Ul MOJEIMPOBAHUS CIIOKHOW HENMHEHHOM
JIMHAMHMKH cUcTeMbl. bplin cpaBHEHbI pazinuHble peanusanuu Moaenun NARX, ocHoBaHHbIE
Ha MHorocioitHoM mepuentporHe (MLP), cerm nosroit kparkocpouHoil mamsartua (LSTM),
BEHTHIEHOM pekyppeHTHOM O1oke (GRU) m cetn DnmMaHa, 1UIsl OLEHKH HX d(G(EeKTUBHOCTH
MOZENUPOBAaHUS M ompefeieHus Jydmed wmonenu. [lomydeHHBIE PacXOXKACHUS MEXIY
IIPOTHO3aMHU MOJIENH M (paKTHUCCKUMH 3HAYEHHSIMH Ha3bIBAIOTCS OCTATOYHBIMH BEJINYHHAMHU.
Jlnst knaccuguKany HeHCIPaBHOCTEH OBLIO NMPOBENECHO CPAaBHUTEIIBHOE HCCIIENOBAHUE IIITH
METO/I0B MamiHHOro oOyuyenust (ML): MHOrOCIOHHOrO NEpLENTPOHa, 3KCTPEMaIbHOTrO
rpaauenTHoro Oycrunra (XGBoost), metoma omopHbix BekTopoB (SVM), mertoma k-
ommxaiimmx coceneit (KNN) u mmmeiiHOro muckpumuHantHoro anammsa (LDA). [lannsre
METO/Ibl AHAIM3UPYIOT OCTATOYHBIC BEIHYUHBI, YTOOBI MACHTU(HUIMPOBATH KOHKPETHYIO
HEHCIIPaBHOCTH U3 3apaHee OIpe/IelIeHHOT0 MHOXKECTBA BO3MOXKHBIX, BKJIFOYAsi HEUCIIPAaBHOCTU
HCTIONHUTENBHBIX MEXaHH3MOB M IaTYUKOB. [loiydeHHBIE pe3yJbTaThl JEMOHCTPHPYIOT
3G GEeKTUBHOCTh MHTEIUIEKTYalIbHOM Metonosnoruu FDI, mpeacrtaBieHHoi B maHHOW paborte.
Mogenun NARX mpoaeMOHCTpUPOBAIN BBICOKYIO d(h()EKTUBHOCT MOIETHPOBAHUS, MPHIEM
rubpunHas monens MLP-NARX noxasana Hamiydinpe pe3yibTaThl, NPEB3OHIS OCTAIbHbIC
apXuTeKTypbl. CpaBHMTENbHBIM  aHaIM3  KJIACCU(HKATOPOB  BBIABMI  PasNuuusi B
3G GEKTUBHOCTH TSATH PACCMAaTPUBAEMBIX METOAOB, MPU 3TOM KJIAacCH(PHUKATOP Ha OCHOBE
MHOTOCJIOHOTO MEpUEeNnTpOHa JOCTUI HAWBEICIIMX IOKa3aTeleil 1o BCEM OIEHOYHBIM
MeTpUKaM. DTO CBHAETENbCTBYET O €ro IPUTOJHOCTH AN MPAKTHYECKOTO NPUMEHEHUs B
3a7auax JHATHOCTHKH HEHCIIPAaBHOCTEH, dYTO OOYCIOBIEHO €ro BBICOKOH CIOCOOHOCTBHIO
YJIaBIIMBATh CJIOKHbBIE HEJTMHEHHEIC B3aHMOCBSI3U B JAHHBIX.

KioueBble cjioBa: oOHapy)keHME ¥ HM30JISIMS  HEUCIPABHOCTEH, WHKyOaToOp,
MHOTOCJIOIHBIN mepuenTpoH, monenupoBanne NARX, reHepanusi M OLEHKa OCTATOYHBIX
BEJIMYMH, PEKYypPpPECHTHbIE HEHPOHHBIE CETH, KIACCH(UKATOPl MAIIMHHOIO OOYdYeHHUs,
HHTEIUICKTYaJbHbIe CHCTEMBI.
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