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Abstract. To address the problem of insufficient real-time fault diagnosis accuracy in distributed
intelligent sensors for aero-engine systems under multiple coexisting fault modes and limited
computational resources, an intelligent sensor fault diagnosis method based on local data
scattering feature optimization is proposed. First, a wavelet scattering network is employed to
extract translation-invariant deep features from sensor signals, enabling efficient characterization of
their time–frequency structures and energy distributions in resource-constrained environments.
Subsequently, Principal Component Analysis (PCA) is applied to reduce the dimensionality of the
high-dimensional scattering features, thereby removing redundant information and enhancing
feature discriminability, which effectively improves diagnosis accuracy. Finally, a Support Vector
Machine (SVM) multi-classification model is constructed based on the reduced features to achieve
rapid fault-type identification, satisfying the real-time diagnostic requirements. Experimental results
demonstrate that for typical sensor faults, including abrupt changes, drifts, offsets, and periodic
disturbances, the proposed method achieves an average diagnosis accuracy of 98.2%,
representing a 6.5% improvement compared with direct use of the original features. Moreover, the
average diagnosis time per sample is only 32 ms, meeting the demands of high accuracy, low
computational complexity, and real-time performance in aero-engine sensor applications.

Keywords: Aero-engine distributed control system; Wavelet scattering network; Time–frequency
scattering features; Support vector machine; Principal component analysis.

1. Introduction
With the advancement of aero-engine technology, distributed control systems (DCS) have

emerged as a key trend [1]-[3]. Intelligent sensors, as critical components of DCS, play a vital role
in engine control and health management [4]-[5]. However, constrained by limited computational
resources, intelligent sensors often struggle to achieve high accuracy and real-time performance in
fault self-diagnosis. Thus, accurate and timely sensor fault diagnosis is essential to realizing
distributed aero-engine control[6].

Existing sensor fault diagnosis methods fall into two categories: model-based and data-driven
approaches[7]. Model-based methods require precise models and substantial computing power,
which are often infeasible on resource-limited sensors. In contrast, data-driven methods align well
with the real-time data acquisition capabilities of intelligent sensors. Nevertheless, conventional
data-driven approaches often involve complex feature extraction or multi-sensor data fusion, which
introduce high computational and communication costs, limiting their practicality.

To address these challenges, this paper proposes a lightweight and efficient fault diagnosis
method using single-sensor data. A wavelet scattering network is first employed to extract
high-dimensional, translation-invariant time–frequency features from raw signals[8]-[10]. With
fixed parameters and low computational overhead, it is suitable for resource-constrained
nodes[11]-[13]. Principal Component Analysis (PCA) is then applied to reduce feature
dimensionality, retaining the most discriminative components while eliminating redundancy[15].
Finally, a Support Vector Machine (SVM) classifier is trained in the reduced subspace to achieve
multi-fault recognition with a maximum-margin hyperplane.

The main contributions are as follows:(1) A lightweight diagnostic framework integrating
wavelet scattering networks, PCA, and SVM is proposed. Compared to deep neural networks, it
requires fewer computational resources and remains robust with small sample sizes.(2) PCA-based
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feature reduction significantly decreases redundancy while preserving discriminative information,
improving both accuracy and efficiency.(3) Experiments on aero-engine sensor data show that the
method achieves over 98% diagnosis accuracy with millisecond-level latency, meeting the
high-accuracy and low-latency requirements of aero-engine distributed control systems.

2. Extraction and Optimization of Scattering Features for Sensor Signals
2.1 Scattering Feature Extraction Based on Wavelet Scattering Network

The signals collected by aero-engine sensors are typical non-stationary signals. If Fourier
transform is performed on them, time information will be lost. In contrast, wavelet transform can
provide both time and frequency information of signals through the dilation and translation of
wavelet functions, and it has multi-resolution characteristics, making it very suitable for
time-frequency analysis of non-stationary signals.

On this basis, the wavelet scattering network draws on the structure of convolutional neural
networks (CNNs). It performs convolution between the original signal and a preset wavelet filter,
conducts modulus operation [16], and then performs local averaging via a low-pass filter. Finally, it
obtains scattering features with invariance to translation and slight deformation. This calculation
process can be systematically defined by a set of scattering paths (Scattering Paths).

Let the input signal be ( )f t , where t is the time coordinate. Define ( )j t j  as a complex
wavelet filter bank, where each wavelet ( )j t is generated by the scale parameter j ( j  ).

( )j t is a band-pass filter, and both its center frequency and bandwidth are proportional to 2 j .
This filter bank is used to extract multi-scale oscillatory information from the signal. Typically, this
wavelet family is generated by scaling a mother wavelet, i.e., ( ) 2 (2 )j j

j t t   , and satisfies the
admissible condition to ensure the invertibility of the transform.

Define a nonlinear operator : ( ) | ( ) |M z t z t , which takes the modulus of complex-valued
signals and converts them into real-valued signals. This operation retains the signal envelope or
amplitude information, removes high-frequency phase oscillations, and maintains translation
equivariance.

Define a smoothing operation : ( ) * ( )JA z t z t , where ( )J t is a low-pass scaling function
with a support scale of 2J , and J is the maximum scale parameter of the network, determining the
degree of final invariance. This operation realizes local average pooling through convolution,
providing translation invariance. The structure of the wavelet scattering network is shown in Fig. 1.

Fig. 1 Wavelet scattering network structure
The output of the network is a collection of coefficients calculated along all possible scattering

paths 1 2( , ,..., )mp j j j . The path p defines a sequence of scales from which information is
extracted, and its length m is referred to as the scattering order. The zeroth-order scattering
coefficient is shown in Equation (1).

[ ] ( ) ( )JS f t f t   (1)
where  denotes the empty path.
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For the path 1( )p j , the first-order scattering coefficient captures the average oscillatory
energy of the signal at the scale 12 j ​ . Its calculation is defined as:

11[ ] ( ) ( )jU j f t f t  (2)

11 1 ( )[( )] ( ) [ ] ( )J j JS j f t U j f t f t       (3)

where 1[ ] ( )U j f t realizes band-pass filtering by convolving the input signal with a wavelet of
scale 1j ​ to extract the complex-valued oscillatory component at this scale. | | * ( )J t performs
low-pass filtering and local averaging on the amplitude signal, endowing it with translation
invariance and outputting the final first-order scattering coefficient 1[( )] ( )S j f t .

For the path 1 2( , )p j j , its coefficient captures the "envelope of envelope" information (i.e.,
amplitude modulation structure) in the signal through two iterations. The calculation is defined as:

1 21 2[( )] ( ) ( ), j jU j j f t f t    (4)

1 2

2 1 21[( )] ( ) [( )] ( )
( )

, , J

j j J

S j f t U tj j j f
f t


  
 

    (5)

In the above formulas, the envelope of the first-order amplitude signal undergoes a second
band-pass filtering 21[ ] * ( )jU j f t to analyze its own oscillatory mode at a finer scale 2j ​ . If the
envelope itself has changes (i.e., modulation), this operation will capture them. Then, the modulus
is taken again to extract the envelope of the second oscillation, and then averaging is performed
again to generate the stable second-order scattering coefficient 1 2[( , )] ( )S j j f t .

The coefficients of the high-order path 1 2( , ,..., )mp j j j are defined recursively:

1 1 1[( )] ( ) [( ) ,..., ,...), ] (
kk k jU j j f t U j j f t  (6)

1[( )] ( ) [ ] ( ),..., m JS j j f t U p f t  (7)
High-order coefficients characterize complex multi-modulation interactions in the signal.

However, due to the energy compression property of the modulus operation (the energy of
|| | * |jz  is usually less than | |z ), the energy of high-order coefficients decays rapidly. Therefore,
in practical applications, it is usually sufficient to calculate up to the second order (m=2),
i.e., 0,1, 2m .

The output of the entire wavelet scattering transform fS is the set of scattering coefficients for
all possible paths across all orders (from 0 to M):

1

1 2

: for all paths ,..
} 

{ [ ] ( )
n

( ) .,
with  a d ...

m

m

f S p f t p j j
m M j j j J

 
    

S (8)

In practical applications, [ ] ( )S p f t is downsampled along the time axis to the Nyquist rate
corresponding to the scale 2J . Finally, fS can be organized into a feature matrix, serving as the
input for the subsequent support vector machine (SVM) classifier.

2.2 Frequency-Domain Analysis of Fault Features in Sensor Signals
Sensor fault signals all have obvious separable feature differences in the frequency domain. For

example, abrupt change faults usually cause transient high-frequency responses of signals, leading
to concentrated energy bursts in the high-frequency band; while drift faults are mainly characterized
by enhanced energy of low-frequency components in signals, which essentially result from the slow
change of the signal baseline. In this paper, wavelet scattering transform is performed on normal
sensor signals and signals of four typical fault types, and heatmaps of their first-order and
second-order scattering coefficients are plotted, as shown in Fig. 2 and Fig. 3.
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The horizontal axis of the heatmap represents time, the vertical axis represents the center
frequency of the wavelet filter, and the color represents the energy magnitude of the scattering
coefficient.

(a) Normal signal (b) Drift signal

(c) Spike signal (d) Bias signal (e) Periodic disturbance signal
Fig. 2 Heatmap of the first-order Scattering Coefficient of Sensor Signals

From the first-order scattering coefficient heatmap, it can be observed that compared with other
signals, periodic disturbance signals exhibit a global high-energy distribution in the low-frequency
band of 0–5 Hz. This phenomenon is consistent with the characteristic of periodic disturbances in
the frequency domain, which are manifested as the superposition of the original signal and
disturbances with a specific frequency.

(a) Normal signal (b) Drift signal

(c) Spike signal (d) Bias signal (e) Periodic disturbance signal
Fig. 3 Heatmap of the second-order Scattering Coefficient of Sensor Signals

In the second-order scattering coefficient heatmap, the scattering coefficients of drift signals
exhibit enhanced responses in the low-frequency filter bank and vary gently over time. Meanwhile,
abrupt change signals show high-energy excitation in specific time periods. In contrast, offset
signals are similar to abrupt change signals; however, since the offset persists after occurrence, they
generate a relatively uniformly distributed energy frequency band.

2.3 Scattering Feature Optimization Based on PCA
Although scattering coefficients contain abundant energy distribution information and can

provide effective representation for stable classification, they inherently have certain information
redundancy [17]. This redundancy not only increases unnecessary computational burden and time
complexity but also forces the Support Vector Machine (SVM) model to construct extremely
complex hyperplanes to achieve class division. After converting the signal scattering feature matrix
obtained in this paper into a vector, its dimension is usually greater than (note: the specific
dimension value was not specified in the original text). At this point, the SVM can only select linear
kernel functions suitable for high-dimensional inputs for mapping; meanwhile, limited by the
insufficient number of samples, it fails to achieve good fault classification results. Therefore, it is
necessary to perform dimensionality reduction and optimization on the obtained scattering
coefficients.
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This paper adopts Principal Component Analysis (PCA) to conduct dimensionality reduction on
scattering features, and performs separability analysis on the scattering coefficients before and after
dimensionality reduction. This analysis aims to verify the effectiveness of the proposed method in
reducing feature redundancy, thereby making fault modes easier to be identified and classified by
the SVM model. T-distributed Stochastic Neighbor Embedding (t-SNE) is a nonlinear
dimensionality reduction visualization method [18], which can evaluate separability based on
clustering performance. The evaluation results are shown in Fig. 4 and Fig. 5.

Fig. 4 t-SNE visualization of raw wavelet
scattering features

Fig. 5 t-SNE visualization of wavelet scattering
features after PCA dimensionality

As shown in Fig. 2, the original wavelet scattering features contain substantial redundancy,
leading to considerable overlap among different fault categories. Directly employing these
high-dimensional features in an SVM model not only increases computational complexity but also
limits diagnostic performance. In contrast, Fig. 3 demonstrates that after PCA-based dimensionality
reduction, the scattering features exhibit improved inter-class separation in the feature space. This
indicates that PCA effectively extracts the most discriminative low-dimensional components while
eliminating redundant information. The enhanced compactness within classes and clearer
boundaries between classes significantly facilitate the SVM in constructing a simpler yet effective
hyperplane for accurate fault classification. Thus, PCA-optimized scattering features not only
reduce computational cost but also establish a solid foundation for improved diagnostic
performance.

3. Multi-Fault Diagnosis Method Based on Optimized Scattering Features
This paper proposes an intelligent fault diagnosis framework for sensors in aero-engine control

systems, which is based on optimized scattering features and Support Vector Machine (SVM). This
diagnosis framework is a systematic data processing and analysis process, mainly consisting of
three core components: data acquisition, feature extraction, and fault mode classification, as shown
in Fig. 6.
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Fig. 6 Flowchart of Sensor Fault Diagnosis
Sensor models can usually be represented by a first-order or second-order inertial element. The

sensor model adopted in this paper is a second-order inertial link with hysteresis, and its transfer
function is given as follows:

2

2 2( )
2

sn

n n

G s e
s s


 

 
 

(9)

where 9n  , 1.25  , 0.12  .
The complete process of this method is as follows:

(1) Data Acquisition: Collect aero-engine sensor data under different operating conditions, and
construct a comprehensive dataset covering normal status and multiple typical fault types.

(2) Signal Preprocessing: Perform systematic preprocessing operations on the original
monitoring signals, including signal alignment and standardization, and set labels to lay a data
foundation for subsequent feature extraction.

(3) Feature Extraction: Use a wavelet scattering network to extract deep signal features with
translation invariance, and optimize and reduce the dimensionality of high-dimensional features
through the Principal Component Analysis (PCA) algorithm to obtain low-dimensional feature
representations with stronger discriminability.

(4) Fault Diagnosis and Classification: Based on the optimized feature vectors, construct a
Support Vector Machine (SVM) multi-classification model to achieve accurate identification and
classification of multiple sensor fault modes.

3.1 Scattering Feature Optimization Based on PCA
Signal preprocessing is a key step to ensure the reliability of sensor fault diagnosis [19]. Aiming

at issues such as inconsistent dimensions and large differences in value ranges of original sensor
signals, a data standardization method needs to be adopted for processing. This helps eliminate
differences in feature scales and improve the performance and stability of subsequent feature
extraction and classification models.

This paper adopts the Z-score standardization method, whose calculation formula is as follows:

standardized
xx 



 (10)

where μ represents the mean value of the signal, and σ represents the standard deviation of the
signal.
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3.2 Fault classification model based on support vector machine
Support Vector Machine (SVM), as a binary classification model based on statistical learning

theory, is well-suited for sensor fault classification tasks involving small samples and nonlinear
problems due to its structural risk minimization and strong generalization ability [14]. This paper
extends its application to the problem of multi-fault diagnosis for sensors.

Given a training sample set {( , ) | 1, 2, , }i iy i N v , where d
i v  is the optimized feature

vector after PCA dimensionality reduction, and 1,2, ,iy K  denotes the sensor fault category
label. The core idea of SVM is to find an optimal hyperplane that maximizes the margin between
samples of different classes. Its optimization problem is formulated as:

2

, 1

1min
2

N

ib i
C 



 W
w (11)

s.t. ( ( ) ) 1T
i i iy b   w v (12)

where w is the normal vector of the hyperplane; b is the bias term; ( )  is the kernel function that
maps data to a high-dimensional feature space; 0C  is the penalty parameter, balancing the
classification error and the margin size; and i ​ is the slack variable, allowing a certain degree of
classification error.

Considering the nonlinear characteristics of fault features, this paper adopts the Radial Basis
Function (RBF) as the kernel function [19]:

2
( , ) exp( )i j i jK   v v v v (13)

4. Experimental Verification and Result Analysis
4.1 Experimental Data and Experimental Setup

The experimental data used in this study consists of two parts: one part is the data actually
collected by sensors during the operation of a certain type of aero-engine, and the other part is
derived from simulations based on an aero-engine mathematical model.

The actually collected data is the data acquired by pressure sensors during the test run of a
certain type of two-spool turbofan engine, and this data contains cases of abrupt change faults, as
shown in Fig. 7.

This data is divided into 4-second segments, resulting in 350 segments in total. Among these
segments, 16 contain abrupt change faults, which are labeled as abrupt change data.

Fig. 7 Real sensor collected data
However, the actually collected data has a small number of samples and only contains one fault

mode. Therefore, it is necessary to randomly inject faults into the output signals of the aero-engine
mathematical simulation model to obtain a comprehensive training dataset. The training dataset
includes the engine's dynamic acceleration process, dynamic deceleration process, and steady-state
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process. The sampling frequency is 40 Hz, consistent with that of the actually collected data, and
the acquisition period is 4 seconds.

The methods for simulating various faults are shown in Table 1. For example, periodic
disturbance faults can be simulated by superimposing a periodic sine signal on the output signal of
the engine mathematical model.

Table 1. Fault simulation method
Fault types Simulation method
Drift signal The original signal is shifted at a random rate
Bias signal A small constant or random signal is superimposed on the original signal

Mutation signal A pulse signal is superimposed on the original signal
Periodic disturbance signal A signal of a certain frequency is superimposed on the original signal

Normal signal No change
In addition, since faults are random in nature, this experiment obtains a large amount of fault

data by adjusting parameters such as fault occurrence time, fault period, and fault amplitude during
fault simulation. Considering the noise present in the actual sampling process of aero-engine
sensors, Gaussian white noise is added during the acquisition process to enhance the authenticity of
the simulated data. The time-domain diagrams of the sensor under 5 health conditions (including
normal status and 4 fault types) in this paper are shown in Fig. 8.

Fig. 8 Simulated sensor signals for 5 health conditions
Since deep learning-based diagnostic models rely on a large number of training samples, the

scale of actually collected operational data is usually insufficient to meet this demand. On the other
hand, certain specific fault modes are difficult to obtain or reproduce in real scenarios. Although
simulated data cannot fully replicate all characteristics of real collected data, the fault features it
reveals are highly similar to actual conditions and still have research value. Therefore, using
simulated data to train the proposed diagnostic model is reasonable and necessary.

This study covers data on five sensor health states, with 500 data instances for each fault type,
resulting in a total sample size of 2,500. To reduce the impact of random experimental fluctuations,
all experiments were repeated 50 times and the average results were used.

The parameters of the wavelet scattering network are set as follows: the signal length is
determined based on the actual length of the input data; the sampling frequency is 40 Hz; the
scattering order is 2; the number of wavelet functions per octave (i.e., quality factor) in each layer is
[8, 1]. After processing by the wavelet scattering network, the feature matrix of each sample has a
dimension of 49×49, which is reduced to 7×7 via PCA. To verify the effectiveness of the optimized
scattering features, the original scattering features were directly input into a Support Vector
Machine (denoted as SVM2) for comparison with the proposed method (which uses the 7×7
dimensional PCA-reduced features as input, denoted as SVM1). Both models adopt the radial basis
function kernel. Through 5-fold cross-validation, the parameters were determined: for SVM1, the
kernel scale parameter 1 is 0.5 and the box constraint parameter 1C is 10; for SVM2, 2 is 0.1



Advances in Engineering Technology Research AIMMEE 2025
ISSN:2790-1688 Volume-15-(2025)

484

and 2C is 20. Feature standardization is enabled for both models, and the classification covers the
five target states involved in the experiment. The training set and test set of the two models are split
at a 6:4 ratio, and the same data split is used to ensure fair comparison.

Based on the above setup, comparative tests were conducted on the two models. Indicators such
as classification accuracy were used to verify the optimization effect of PCA dimensionality
reduction on wavelet scattering features. The results show that the overall accuracy of SVM1 (based
on reduced-dimensional features) is 98.2%, while that of SVM2 (based on original features) is
91.7%. The confusion matrices of their diagnostic results are shown in Fig. 9 and Fig. 10,
respectively.

Fig. 9 Confusion matrix of SVM1 model Fig. 10 Confusion matrix of SVM2 model
As can be seen from the figures, SVM1 (with PCA dimension-reduced features) has a high

proportion of diagonal elements, few misclassifications, and clear decision boundaries. In contrast,
SVM2 (with original features) has more and scattered misclassifications, and its decision surfaces
are blurred due to high-dimensional redundancy. It is evident that PCA dimensionality reduction
purifies features and significantly improves classification accuracy and robustness.

Furthermore, this study calculated three fine-grained metrics—Precision, Recall, and
F1-Score—to comprehensively evaluate the performance balance of the models across different
categories. The detailed results are shown in Table 2 and Table 3.

Table 2. Performance indicators of SVM1 model (PCA-reduced features)
Fault types Precision Recall F1-Score
Drift signal 0.95652 0.99 0.97297
Bias signal 0.98953 0.945 0.96675
Spike signal 0.99502 1 0.99751

Periodic disturbance signal 0.9703 0.98 0.97512
Normal signal 1 0.995 0.99749

Macro indicator 0.98227 0.982 0.98197
Table 3. Performance indicators of the SVM2 model (without dimensionality reduction of features)

Fault types Precision Recall F1-Score
Drift signal 0.90338 0.935 0.91892
Bias signal 0.94149 0.885 0.91237
Spike signal 0.90865 0.945 0.92647

Periodic disturbance signal 0.93651 0.885 0.91003
Normal signal 0.89904 0.935 0.91667

Macro indicator 0.9178 0.917 0.91689
When comparing the macro-average metrics of the two tables, the macro-average Precision,

Recall, and F1-Score of SVM1 are all significantly higher than those of SVM2, and the fluctuation
of each individual metric is smaller. This indicates that the dimension-reduced features not only
improve the overall classification performance of the model but also make the recognition effect of
each category more balanced, verifying the effectiveness of PCA feature optimization.
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Based on the actual signal length and filter configuration, the total computation amount per
sample of the algorithm proposed in this paper is approximately 57.98 10 FLOPs , and its theoretical
execution time on the ARM Cortex-A9 is about 0.32 ms.

This result indicates that the proposed algorithm only requires millisecond-level computation
time on the embedded processor, which fully meets the requirements of real-time online diagnosis.

In summary, through the above series of experiments, the superiority of the algorithm proposed
in this paper has been verified from three aspects: overall accuracy, detailed performance, and
embedded performance prediction.

5. Summary
This paper investigates a lightweight fault diagnosis algorithm for intelligent sensors in

distributed control systems of aero-engines, based on wavelet scattering networks, PCA
dimensionality reduction, and a support vector machine classifier. The following conclusions are
drawn:

(1) Wavelet scattering networks are employed to extract scattering features from sensor signals.
These features effectively characterize the energy distribution of signals under different fault modes
while retaining a certain degree of redundancy, thereby providing a foundation for subsequent
feature optimization.

(2) Principal Component Analysis (PCA) is introduced to reduce the dimensionality of the
scattering features, eliminating redundant information while retaining components with maximum
variance and strong discriminative power. Consequently, the inter-class separation among different
fault modes is significantly enhanced, and computational complexity is reduced.

(3) A multi-class Support Vector Machine (SVM) classification model is established based on
the reduced-dimension features. By solving for hyperplanes between different classes of features,
accurate diagnosis of multiple sensor faults is achieved. This method ensures a diagnostic accuracy
higher than 98%, while maintaining millisecond-level latency per diagnosis, thereby meeting the
high-accuracy and low-latency requirements for intelligent sensors in aero-engine distributed
control systems.
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