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For automabile engines, a novel fault detection (FD) system is created
using PCA in this paper. To identify errors, two distinct neural networks
are used. Radial basis function (RBF) is the first neural network, while

input training neural network (ITNN) is the second. The mean value
engine model (MVEM) with Matlab/Simulink is used to build the ap-
proach and evaluate its performance. The MVEM has been used to sim-
ulate three faults. The outputs of the MVVEM are used as input data for
the RBF. ITNN received the RBF output as an input and the output were
the estimation of speed, pressure and temperature. According to the
simulation results, faults with an amplitude variation of 10 — 20% were
Received: successfully identified under dynamic conditions across the whole
20 May 2025 working range. The corresponding detection thresholds are 0.36, 0.68,
and 0.284 for speed, pressure and temperature respectively and any er-
ror exceeding the allowable threshold will be easily detected. Therefore,
the simulation demonstrates that all three flaws may be easily identified
and yields satisfactory results.
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INTRODUCTION

The oldest and most well-known multivariate analysis method is most likely PCA. Pearson was the
first to present it (Pearson 1901), and Hotelling developed it on their own (Hotelling 1933). The
main goal of PCA is to minimise the dimensionality of a data set with many interconnected varia-
bles while preserving as much of the data set's variance as feasible. This is accomplished by con-
verting them into a new set of uncorrelated variables called principal components (PCs), which are
arranged so that the majority of the variation found in all of the original variables is retained in the
first few (Jolliffe 2002). In recent years, the process industries are aimed to make tighter product
specifications and lower production costs. In order to address this subject, process measurements
are utilized and manipulated variables collected on the process, many of which exhibit similar
behavior due to the underlying physical and chemical relationships, which result in some of the
process variables being correlated or collinear. Measurement interdependence is a process feature
which is capable of identifying every flaw in the manufacturing process which may cause poor
quality production. PCA takes advantage of the correlations between process measurements and can
be used. Non-linear PCA technique based on the Input-Training neural network (ITNN) has
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proposed by Tan and Saif (Tan, et al. 2000) as non-linear models between observed variables and
latent variables. The study has shown that the ITNN is equivalent to the principal curve method..
Baligh et al. developed PCA-based fault detection and diagnosis techniques to identify faults in
process operation conditions (Mnassri, B. et al. 2009). In order to provide an accurate cause for ab-
normal process conditions that provide more precise information about the failure cause, the sug-
gested diagnosis method makes use of two new contribution plots. The findings demonstrate how
simple it would be to arrive at an accurate conclusion using these techniques. In order to fully uti-
lise the inherent parallelism of high-performance computing platforms and, consequently, shorten
the processing time of a given hyperspectral image, Martel, E. and et al (2018) presented the im-
plementation of the PCA algorithm onto two distinct high-performance devices, namely an NVID-
IA Graphics Processing Unit (GPU) and a Kalray many-core. For the first time, a thorough analysis
highlighting the advantages and disadvantages of each option has been provided by comparing the
obtained results with various hyperspectral images with those obtained with a field programmable
gate array (FPGA)-based implementation of the PCA algorithm. Also, a dynamic principal
component analysis (DPCA) method was proposed by Lin, C et al (Lin et al. 2022). They suggested
a defect diagnosis and monitoring technique that takes into account the dynamic properties of mul-
tivariate data and minimises the dimension of the input matrix by combining feature selection with
DPCA. The study demonstrates that the suggested approach significantly increases accuracy. In a
sizable, broadly applicable dataset of people with bipolar illnesses and controls, principal compo-
nent analysis (PCA) is used by McWhinney, S. et al (2024) to find patterns of covariance across
brain areas and link them to clinical and demographic characteristics.

Konishi, T. (2025) employed PCA to extract dominant patterns from multivariate data and
demonstrated that slight rotations of the principal components can significantly improve result
interpretability. Their findings showed that PCA effectively distinguishes underlying data
behaviors, supporting its suitability for fault detection applications where clear separation between
normal and abnormal conditions is required.

In this paper ITNN and RBFNN are utilised to detect simulated problems. this sort of neural net-
works has been chosen because of has a simple structure and that it is easy to train. Also, the prima-
ry characteristic of ITNN is that, using the steepest gradient descent network optimisation rule, each
input pattern is modified in conjunction with internal network parameters to minimise the matching
output pattern (Jia et al. 2000). Therefore, by combining RBFNN and ITNN and leveraging the
strengths of each technique, improved overall performance and more results are expected.

STRATEGIES AND METHODS

Input training neural network (ITNN)

Figure 1 shows an illustration of the ITNN's architecture (Dong et al. 1996). It consists of three lay-
ers: input, output, and one hidden layer. The input layer has nodes equivalent to the required re-
duced dimension of the data. The hidden layer facilitates the extraction of the non-linear mapping
between the output variables and the reduced set. Nodes' input and output layers could have a non-
linear activation function or an identity. To capture non-linear correlation between the variable in
the data set and the reduced set, which is non-linear principal components, the hidden layer of
nodes needs to contain a non-linear activation function, such as sigmoid, tanh, or logistic. (Dong et
al. 1996). The ITNN has a unique property that is during the training, every input vector is modified
to reduce the error between the original sample and the matching ITNN output. The calculation of
the ITNN input layer gives the ITNN an exclusive property which makes it different with a regular
neural network. Random input values (network parameters) were used at the beginning in order to
train the ITNN (Malthouse et al. 1997). The training continued until we defined the optimal input
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values and internal network parameters. Each input vector can be considered as a non-linear princi-
pal component vector, and it is associated with the corresponding output vector which is a process
measurement vector. For quality result, the input vector adjusted to minimize the output vector error
(Reddy et al. 1998).

De-mapping
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layer uipd

Figure: (1). The structure of ITNN
Fault Detection Approach Based Upon Non-Linear PCA for Automotive Engine

Collecting data

To evaluate the performance of various adaptive engine models under real-world driving condi-
tions, the training data used in engine data collection must be reflective of typical plant behaviour.
Accordingly, input and output signals must sufficiently span the area that the system will be moni-
tored (Draeger et al. 1995). The throttle angle and fuel injection rate are the two inputs used in the
engine model. A series of random ambulated signals (RAS) were created for fuel injection and
throttle angle between 0.0009 kg/s to 0.0018 kg/s and 30 and 50 degrees respectively in order to
obtain the engine data for ITNN training. The data collected from MVEM (Hendricks et al. 2000)
are speed, pressure and temperature. These data were used as a target matrix for the IT neural net-
work (Hamad et al. 2010, 2011 and 2012) (see Figure 2).

Train the Model Using ITNN and RBFNN
Figure 2 shows the block diagram of train the ITNN and RBFNN using engine data. The output of
MVEM (speed, pressure and temperature) was used as a target matrix for the IT neural network.

Speed (ITNN target)

Throttle angle

Pressure

Fuel injection MVEM Temperature
RBFNN
> outputs
ITNN g
INPUT ITNN » RBENN
MATRIX _ >
L Final 4T
input
of
ITNN

Figure: (2). Block diagram for train the ITNN and RBFNN based on non-linear P CA using MVEM data
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6000 samples were used. The output of ITNN after training was matrix with dimensions 3 rows and
6000 columns, this matrix is the estimation of speed pressure and temperature. Non-linear PCA
scores (NLPCAS) were obtained from the final ITNN input matrix after training was finished. Non-
linear PCA scores matrix has 2 rows and 6000 columns; this matrix was used as a target matrix for
RBFNN. In order to train RBFNN, the ITNN output was used as an input matrix for RBFNN.
Figure 3 illustrates the flowchart of the training approach. 12 hidden nodes are chosen by k-means
method. The output of trained RBFNN is matrix with 6000 columns and 2 rows. After obtaining
trained ITNN and trained RBFNN, the model in Figure 2 can be used to detect the fault in the au-
tomotive engine. This model will be used for the following two cases. The first case is using engine
data without fault, and the second case is using faulty engine data. Then use the faulty data in order
to see how well the validity of the model to detect the fault for automotive engine.

Random input data (throttle angle position and fuel injection)

v

Mean Value Engine Model

 J
Output of the MVEM (Speed, Press. & Temp.) Contain Comp. & Act. fault

\

Target matrix

Random data matrix as an

input matrix
i
P IT Neural Network Y
Target matrix (ITNN final input after
training ) NLPCA
i
RBFNN <

i

END

Figure:(3). The flow chart of train the ITNN and RBFNN using engine data

Fault Simulation

A bias equal to 10-20% of the sensor's typical output is applied to simulate failures with speed sen-
sors, pressure and temperature. From samples 2001 to 2500, 3501 to 4000 and 4001 to 4500, re-
spectively (see Figure 4), these faults are simulated. 1.1 and 1.2 multiplying factors (MFs) are ap-
plied to create the sensor's inaccurate data as shown in Table 1. For every fault state, the updated
MVEM generates faulty data with throt multiplication factors (MFs). Practically every transient
condition of the engine dynamics is covered by the engine data for the simulated faults.
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RESULTS

Detecting Faults using the PCA Model

The block diagram for fault detection utilising the ITNN/RBFNN model is displayed in Figure 5.
The RBF neural network contains two outputs that each indicate one of the states under investiga-
tion in Table 1. The network gets three input signals—manifold pressure, temperature, and crank-
shaft speed—all of which contain inaccurate information (Hamad et al. 2010, 2011 and 2012).
Trained ITNN will receive the RBFNN outputs as an input in order to estimate the crankshaft
speed, temperature and manifold pressure. The test results for fault identification prior to filtering
are displayed in Figures 6-8, and it is evident that the errors are significant where the x axis repre-
sents the number of data samples, while the y axis represents the error value . Figures 9-11 show
the excellent outcomes and reduced errors following the filtering operation. For the crankshaft
speed, manifold pressure, and manifold temperature error signals, the corresponding detection
thresholds are 0.36, 0.68, and 0.284. Low thresholds will result in false alarms, while high thresh-
olds could miss detections. The selection of thresholds is based on experience in reducing the false
alarm rate.

Simulated Fault
A

Speed Pressure Temperature
fault fault fault
- Samples
0 2001 2500 3501 4000 4001 4500 6000
Figure:(4). The simulated faults
Table:(1). Multiplying factors and the three fault states
No. Fault Multiplication Factors
1 20% over-reading on the output of the speed sensor 1.2
2 20% over-reading on the output of the Pressure sensor 1.2
3 10% over-reading on the output of the Temperature sensor 1.1

Fault in speed,pressure
and temperature

Estimated
speed _ Speed Error

Speed

Throttle angle o
g L Estimatgd Pressure
MVEM |2ressub RBENN [TNN  |[Pressule. Error
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Figure:(5). Block diagram for testing the model based on non-linear PCA using MVEM data with faults
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Figure:(6). The error signal between the RBFNN speed input and ITNN speed output in case data engine with faults
before the filtering
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Figure:(7). The error signal between the RBFNN pressure input and ITNN pressure output in case data engine with
faults before the filtering
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Figure:(8). The error signal between the RBFNN temperature input and ITNN temperature output in case data engine
with faults before the filtering
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Figure:(9). The error signal between the RBFNN speed input and ITNN speed output in case data engine with faults
after the filtering
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Figure: (10). The error signal between the RBFNN pressure input and ITNN pressure output in case data engine with
faults after the filtering

0.16 r r r r r
0 1000 2000 3000 4000 5000 6000

Samples

Figure:(11). The error signal between the RBFNN temperature input and ITNN temperature output in case data engine
with faults after the filtering
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DISCUSSION

The test results for defect identification prior to filtering are displayed in Figures 6-8, where each
figure display the error signal between the RBFNN (speed, pressure or temperature) input and
ITNN (speed, pressure or temperature) output in case data engine with faults.while the test results
following filtering are displayed in Figures 9-11 (which are the figures 6-8 after filtering). It is evi-
dent from these numbers that every flaw was found with great clarity. For scaled data, the specified
detection thresholds were 0.36 for crankshaft speed, 0.68 for manifold pressure, and 0.284 for man-
ifold temperature.

CONCLUSION

During the research period, simulations are conducted using the MVEM developed by Hendricks et
al. (Hendricks et al. 2000) with minor modifications. The MVEM simulation has been expanded to
include air fuel ratio sensor time delay, temperature sensor dynamics, and other features. Three
faults (speed, pressure, and temperature faults) are simulated, and the faults are detected using two
distinct neural networks (ITNN and RBF). The MVEM output was sent into the first neural net-
work, the RBF neural network, which produced the estimation matrix for the non-linear PCA.
ITNN was the second neural network. This neural received the RBFNN output as an input and the
output was the estimation of speed, pressure and temperature. This operation was done in two cases,
data without faults and with faulty data. The faults of 10-20 % amplitude were successfully detect-
ed. The MVEM, an engine simulation benchmark, is used to model the flaws, and the created ap-
proach is assessed. Satisfactory results are achieved in simulation, and the simulation shows that all
three faults can be clearly detected.
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