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Abstract

The building’s electrical system is crucial, and when a defect arises, it not
only necessitates power outages and maintenance, which results in financial
losses, but also interferes with people’s regular output and way of life. To
a certain extent, the regular operation of building electrical facilities and
equipment depends heavily on the development of problem diagnosis tech-
nology in the field of building electrical. Based on this, the study suggests a
fault diagnosis model for support vector machines and K closest neighbors
that incorporates compressive sensing and wavelet transform. The approach
improves the K-nearest neighbor algorithm while using a support vector
machine as the training framework. This increases the algorithm’s operational
efficiency and diagnostic accuracy while also enhancing the support vector
machine’s ability to handle huge sample sizes of data. The model uses wavelet
transform and compression perception for noise reduction and dimensional-
ity reduction of the original signal. Experimental analysis of the variables
influencing the wavelet transform-support vector machine algorithm’s clas-
sification accuracy led to the conclusion that 10 was the ideal k-value for
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the K-nearest neighbor technique. With classification accuracy of 80.2% and
81.4% for sample data amounts of 400 and 2400, respectively, it was found
through comparative experiments that the wavelet transform-support vector
machine algorithm outperformed the single support vector machine and the
inverse propagation algorithm. This suggests that the suggested approach is
more reliable and efficient at locating electrical faults in buildings because
it is not impacted by variations in the sample data volume. The use of the
compressed sensing and K-nearest neighbor algorithms increased the model’s
accuracy to 92.5% while reducing its running time by 809.9 s when compared
to the pre-improvement algorithm. This shows that the use of these algorithms
improved the model’s running efficiency as well as accuracy.

Keywords: Electrical fault diagnosis, compressed sensing, support vector
machines, wavelet transform, K-nearest neighbors.

1 Introduction

Building electrical systems (ES) contain a broader and wider range of con-
tent, and their structure is becoming more and more sophisticated, as the
construction of intelligent buildings quickens. Building ES plays a significant
role as a fundamental component of intelligent buildings, which involve real-
time monitoring and precise management of systems like electricity supply
and distribution, air conditioning, water supply and drainage, security, and
communication [1]. Building ES problems are more likely because diverse
building regions’ subsystems are connected together. Building ES failures
can quickly result in equipment power outages and shutdowns, disrupting
people’s daily life, and in severe situations even starting fires and other
mishaps that endanger personal safety [2] if they are not monitored in real
time and diagnosed as soon as possible. Adopting scientific methods to
monitor and diagnose them is urgently required. Building electrics, in contrast
to large-scale electrical equipment, are at the grid’s edge and are part of
the low-voltage distribution system, therefore their related study has only
recently come into its own. The fault diagnosis (FD) of building ES is still
primarily reliant on manual inspection techniques at this moment, which not
only takes time and resources but also puts the maintenance staff at danger for
certain injuries [3]. The comprehensive study and use of FD technology based
on intelligent algorithms has been made possible by the quick advancement
and widespread adoption of computer technology [4]. This technology not
only lowers the cost of fault detection but also increases the effectiveness



Design of an Electrical Fault Diagnosis Method 903

and precision of diagnosis. This study addresses the lack of FD technology
application in the building electrical field in order to ensure the stable and
secure functioning of building ES and to assist the process of boosting
intelligent and automated smart building management. It then proposes an FD
model based on improved Support Vector Machine (SVM) based on artificial
intelligence algorithms.

The study’s first section provides an overview of the development of
FD technology and electrical fault diagnosis (EFD) research and suggests
a workable diagnostic model for the drawbacks of FD technology used in ES
construction. The development and optimization of creating EFD models are
thoroughly explained in the second section. The built-and-improved building
EFD model is the subject of an experimental validation analysis in the third
section. The fourth section reviews the study procedure, assesses the flaws,
and suggests improvements.

2 Related Works

Mechanical equipment failure served as the first justification for the develop-
ment of FD technology. The study of FD technology has steadily transformed
to automation and intelligence as science and technology have advanced, and
it is now widely employed in machinery, the chemical industry, industrial
automation, and other industries [5]. To solve the issue of lengthy deep
learning approaches, Niu G et al. suggested an adaptive deep confidence
network method for rolling bearing FD; the method introduced two tech-
niques, principal component analysis and parameter-corrected linear cell
activation layer; the method was experimented on tapered roller bearings
and compared with another advanced method, and the results show that it
has high accuracy and operational efficiency [6]. A approach for FD of
rotating equipment that incorporates imbalance learning and uses the non-
linear mapping property of neural networks was proposed by Zhang et al.
To analyse and rebuild the raw data, the method employs time-frequency
transformations. A weighted extreme value learning machine creates the
underlying probability assignments of layered structures. Experimental evi-
dence suggests that the approach is more effective in detecting defect classes
in bearings and gears [7]. Han and colleagues recommended an improved
FD model to account for the complexity of chemical process errors. By
iterating the long- and short-term memory network, they also determined
the appropriate number of hidden nodes and optimized the long- and short-
term memory. According to experimental results, the model outperforms
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traditional long- and short-term memory networks as well as back propaga-
tion neural networks in chemical process FD [8]. Using an extreme random
tree classifier as a framework and integrating techniques like random forest,
AdaBoost, gradient improvement, and extreme gradient enhancement, Patil
et al. suggested an integrated model for automated defect identification in
Industry 4.0. According to experimental findings, this combined system has a
fault recognition accuracy of 97.91%, which is higher than that of individual
methods [9].

To identify typical ES faults for their ES fault characteristics, researchers
have recently coupled a number of intelligent FD algorithms with a simulated
fault experiment platform. By merging the created artificial neural network
with WT to extract fault features, the fault classification was finished. The
approach can increase the accuracy of FD in power systems, according to
experiments [10]. A Bayesian and wavelet neural network-based FD and
localization technique for faults in building supply and distribution systems
was investigated by Fu et al. Each branch’s signal data was processed by WT,
which also extracted useful characteristics, created a Bayesian network-based
FD model, and utilized the Dragonfly method to optimize the thresholds and
weights. MATLAB/Simulink simulation experiments demonstrate that the
technique can increase FD accuracy [11]. By feeding signals from various
fault states into a CNN for feature extraction and classification and optimizing
the parameters of the convolutional neural network model to achieve FD for
Sallen-Key circuits, Du et al. investigated a convolutional neural network-
based FD method for mining the fault signal features of analogue circuits.
Experiments demonstrated that the approach streamlined the FD process
and increased diagnostic precision [12]. For the purpose of identifying wind
turbine faults, Tuerxun et al. suggested an SVMFD model based on the opti-
mization of the sparrow search algorithm. It has been demonstrated through
experiments that this approach is more precise and effective than the particle
swarm modified SVM algorithm [13].

In conclusion, it is evident that FD technology is moving toward automa-
tion and integration and that intelligent algorithms are being effectively
applied in it. A literature review found that FD technology is less com-
mon in the electrical industry, particularly in building electrics, where it is
uncommon. The work proposes a new SVMEFD technique that integrates
Compressed Sensing (CS) and WT for faults occurring in ES, employs CS
and WT for signal processing, and combines SVM with K-Nearest Neighbor
(KNN) algorithm with the goal to improve the accuracy of intelligent FD in
buildings with ES.
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3 Design of EFD Algorithm Incorporating CS and
Wavelet-SVM

Building ES includes various transmission, power supply and distribution,
electricity-using devices as well as intelligent and automated systems for
electrical equipment, covering a wide range of subsystems [14]. As building
ES are more complex and easily affected by environmental and human
factors, their fault types also show complex and diverse characteristics. To
improve the adaptability of the algorithm to a large number of sample data,
CS and K neighborhoods were also introduced for optimization.

3.1 EFD Model Construction Based on WT and SVM

The study divided the common types of faults in building electrics into four
main categories: line impedance faults, conductor continuity faults, earthing
system faults and insulation faults, and subdivided them according to the
parts prone to faults as overload, poor contact with electrical equipment,
motor starting faults, insulation breakdown of windings in transformers,
improper use of circuit breakers etc., abnormal earthing devices, grounded
grid zero line charged, high soil resistivity at grounding points There are 10
types of faults, such as damage to insulators, leakage of protective conduc-
tors, etc. The corresponding signal data is collected according to the fault
type and processed by WT [15]. WT is a local transformation, which can
finely decompose the information by operations such as translation and scale
transformation, so as to obtain effective information. Assuming that the time-
varying original signal is x(t), the process of CWT of WT can be obtained
from Equation (1).

CWT (a,τ) =
1√
a

∫ +∞

−∞
x(t) · ψ∗

(
t− τ

a

)
dt (1)

Both a and τ in Equation (1) are constants, denoting the scale trans-
form and translational transform factors of CWT respectively; ψ∗ denotes
the complex conjugate of the wavelet function (also known as the mother
wavelet) ψ. To change the computationally intensive situation of continuous
WT, a and C are discretized and the results are shown in Equation (2).

DWT (i,j)(t) =
1√
2i

∫ +∞

−∞
x(t)ψ∗

(
t− 2ij

2i

)
dt, i, j = 1, 2, 3, . . . (2)

Equation (2) assigns a and τ in Equation (1) to 2i and 2ij respectively.
DWT denotes the discretized WT. after the first WT the signal x(t) can
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be decomposed into two components, low and high frequency, and this
decomposition process is the first level of decomposition. The higher the
number of decompositions, the more components with lower resolution are
obtained [16]. The number of decomposition stages depends on the amount
of data to be processed and the state requirements of the system. The number
of wavelet decomposition layers is quantitatively determined based on the
signal frequency distribution and energy entropy criterion, and the main
energy frequency band is identified by analyzing the signal power spectral
density. Calculate the center frequencies of the detail components of each
layer based on the sampling frequency. Calculate the energy entropy of the
detail components under different numbers of layers. Select the number of
layers where the energy entropy decreases significantly for the first time or
reaches a local minimum, and ensure that its low-frequency approximate
components cover the main energy frequency band of the signal. Based on
this criterion, the decomposition layers of typical building electrical fault
signals are usually 4 to 6 layers, and the research determines that 5 layers
is the standard process. The flow of WT denoising is shown in Figure 1.

For time-series signals, WT can be classified into three types of wavelets,
such as Haar wavelet, DbN wavelet and SymN wavelet, depending on the
wavelet function [17–19]. In this study, the SymN wavelet was used for
noise reduction of the raw data from the building ES. SymN wavelets are
similar to DbN wavelets, but have better symmetry and are more beneficial
for signal reconstruction. Where N denotes the order of the wavelet and
N was taken to be 4 for this study. The research adopts Sym4 wavelet to
reduce the noise of the original signal of the building electrical system. The
selection of the wavelet basis is based on its symmetry: Compared with the
DbN wavelet, the SymN wavelet has better symmetry, can effectively reduce
the phase distortion during signal reconstruction, and is more conducive to
preserving the timing information of the fault characteristics, which is crucial
for fault diagnosis. After comprehensive evaluation, Sym4 was determined as
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Figure 2 Principle of SVM classification in two dimensions.

the optimal order. SVM is a more widely used supervised machine learning
algorithm. The main goal is to identify a hyperplane with a distribution of
the various node types from the training samples at both ends and one that
satisfies the minimal gap between the two ends [20]. As shown in Figure 2,
SVM can classify linearly divisible data in two-dimensional space, where
the red line is the best classification curve. The best classification curve
becomes the best hyperplane if, in a higher dimensional space, the curve turns
into a hyperplane. The support vector is the data that is closest to the best
hyperplane.

Taking two-dimensional linearly divisible data as an example, assuming
that the sample data is represented as Di = (xi, yi), xi represents the input
data and yi represents the data type, the hyperplane of this data can be
represented by Equation (3).

ω∗x+ b = 0 (3)

ω and b in Equation (3) denote the normal vector of the hyperplane and the
distance from the hyperplane to the origin, respectively, where ω determines
the direction of the hyperplane. The distance between the data and the
hyperplane is denoted as B. The equation is given in Equation (4).

d =
|ω∗x+ b|

∥ω∥
(4)

The optimal hyperplane for linearly divisible data is unique, both in terms
of satisfying the conditions for the correct classification of the samples and
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in terms of making the differences between categories obvious. The search
for the best hyperplane can therefore be transformed into a minimal problem
optimization with constraints, which can be described by the computational
procedure shown in Equation (5).min

∥ω∥2

2

yi[ωxi + b]− 1 ≥ 0

(5)

Equation (5) is the quadratic programming of the data samples. The
Lagrange multiplier αi is introduced to improve Equation (5), and as
demonstrated in Equation (6), the SVM’s decision function can be obtained.

maxL(ω, b, α) =

l∑
i=1

αi −
1

2

l∑
i,j=1

αiαjyiyj(xi · xj)

αi ≥ 0

l∑
i=1

αiyi = 0

f(x) = sgn

(
l∑

i=1

αiyi(xi · x) + b

)
(6)

f(x) is the decision function in Equation (6); (xi · x) represents the kernel
function (KF) operation in SVM. The Gaussian kernel function (GKF) is
currently the most used KF due to its advantages of strong localization and
small computational effort.

K(x, xi) = exp

(
−∥x− xi∥2

2σ2

)
(7)

In Equation (7) K(x, xi) is the GKF and σ is the parameter that controls
the local range of action. The Taylor series can be used to broaden the
mapping process of the GKF, which is a monotonic function of the Euclidean
distance between vectors. The GKF is employed in this study as the SVM’s
KF. Figure 3 depicts the WT-SVM-based FD algorithm’s flow.

The collected building electrical fault signals are reconstructed with
Sym4 wavelets for noise reduction and normalization, then fed into the SVM
algorithm for training, the optimal KF parameters are determined by the
cross-validation method, thresholds are set, and finally the fault classification
and diagnosis results are derived.
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3.2 Improved EFD Algorithm Combining CS and KNN

Since wavelet noise reduction performs poorly in high-dimensional data and
the SVM algorithm is suitable for small data volumes, the performance of
the algorithm does not improve in the face of large data volumes. As a
result, the dimensionality of the fault data is reduced during the data pre-
processing stage using CS, and the SVM is enhanced and the WT-SVM
model is optimized using the KNN technique. With the goal to remove a
significant number of unnecessary data and represent the necessary signal
with a minimal amount of data, CS can benefit from the signal’s sparsity [21].
Its data processing process is shown in Figure 4.

Suppose the length of signal x(t) is n, which can be represented by
Equation (8) after scarification by a sparse matrix. Where χ is the orthogonal
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sparse matrix; χi and si are the ith transform basis vector and the sparse
vector respectively.

x(t) =
n∑

i=1

siχi = χs (8)

The sparse vector is the transform coefficient of the signal on the sparse
matrix. If the signal can be represented sparsely, the sparse vector s has
finitely many non-zero values. After scarification of the signal, the signal is
observed by projection through the observation matrix, and the observation
result Y can be expressed by Equation (9).

Y = φx(t) = φχs (9)

φ in Equation (9) is the observation matrix satisfying φ ∈ Rm×n. where
m is much smaller than n. Rm×n denotes the matrix consisting of the m-
dimensional observation vector obtained by observing the n-dimensional
signal with the n-dimensional signal, i.e x(t) ∈ Rn×1, Y ∈ Rm×1. The
whole CS process includes three steps: signal sparse representation, observed
signal and signal reconstruction. The main methods of sparse representation
include Fourier transform, WT and multi-scale geometric analysis, etc. In this
study, WT is used for the sparse representation of the signal. Utilizing all of
the data near each classification plane’s information is essential for improving
SVM’s classification performance. The KNN classifier can make judgement
on the data category by calculating the Euclidean distance from the data to
be classified to each class of data, which can meet the requirements of SVM
optimization [22]. Therefore, KNN is used to improve SVM and construct
a new SVM-KNN algorithm. Suppose there are two classes of data, positive
and negative, and the support vector representative points are denoted as x+

and x− respectively, the data to be identified is x, and the absolute value of
the distance difference between x and x+ and x− is d. Set the threshold ε. If
d > ε, it means that x is on the positive or negative side of the data and is far
from the best hyperplane, and the data can be classified by SVM. If d < ε,
it means that x is near the best hyperplane, and it is easy to make mistakes if
continue to classify by SVM. Therefore, in this case KNN needs to be used to
calculate the distance to all support vectors. Figure 5 depicts the SVM-KNN
algorithm’s classification concept and flow.

The data processed by CS and WT are input into SVM for training to
get the optimal parameters. The data to be tested are pre-processed and input
to the SVM to calculate g(x) =

∑l
i=1 αiyiK(x, xi) + b. If |g(x)| > ε,

the result f(x) = sgn(g(x)) is output by the SVM; if |g(x)| < ε, the
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Figure 5 Classification idea and operation flow of SVM-KNN algorithm.

classification result is input to the KNN. Since the input of KNN is SVM,
the distance calculation equation used by KNN is not the commonly used
Euclidean distance equation, but the equation modified by Equation (10).

D(xi, xj) = K(xj , xj) +K(xi, xi)− 2K(xi, xj) (10)

Since this study uses a GKF whose kernel number satisfies K(xj , xj) =
K(xi, xi) = 1, substitution gives Equation (11).

D(xi, xj) = 2

(
− exp

(
−∥x− xi∥2

2σ2

)
+ 1

)
(11)

The Euclidean distance in the original input space is ∥xi − xj∥ =
d(xi, xj). Substituting this into Equation (11) shows that when d(xi, xj) and
D(xi, xj) are greater than or equal to 0, for data samples xj and D(xi, xj),
xi is monotonically increasing about d(xi, xj). In other words, there is no
change in their relative positions and the only difference between the data
in the feature space and the original input space is how close they are
to each other. So, the two distance algorithms obtain exactly the same k
neighborhood data. It can also be seen that the classifier is to some extent
independent of the KF parameters and has a more stable performance. After
the algorithm completes the compressed sensing dimension reduction of
the input signal, wavelet transform denoising, and classification diagnosis
based on the improved support vector machine combined with K-nearest
neighbors, the system not only outputs the specific fault type identification,
but also generates structured maintenance decision support information. This
information includes the possible location of the fault, the specific type of
fault diagnosed and its confidence level, as well as the initial maintenance
suggestions derived from the knowledge base or rule engine, such as isolation
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checks and withstand voltage tests for insulation breakdown of transformer
windings, and the need to focus on checking the grounding resistance of
relevant connection points for leakage of protective conductors, etc. These
structured diagnostic results can be directly pushed to the building man-
agement system or maintenance management system platform, triggering
the corresponding alarm mechanism, automatically generating maintenance
work orders, and scheduling maintenance resources based on preset priority
rules. The core processing flow of the CW-SVM-KNN fault diagnosis method
proposed by the research institute has the adaptability to the electrical sys-
tems of different building types. Wavelet transform can effectively capture
the key time-frequency characteristics of single-phase grounding faults and
poor contact in residential buildings, as well as diverse faults in commercial
buildings. Compressive sensing technology can flexibly handle different data
scales ranging from simple residential systems to dense commercial sensor
networks. The learning mechanism of the SVM-KNN classification frame-
work focuses on the signal feature patterns themselves rather than the specific
system topology. By integrating the training data covering typical fault sam-
ples of different buildings such as residential and commercial buildings, the
model can establish extensive fault identification capabilities. Therefore, the
universal design of the method makes its diagnostic performance mainly
rely on the representativeness and coverage of the training data, and has the
potential for application across building types.

4 Performance Evaluation of WT-SVMEFD Models
Incorporating CS and KNN Algorithms

The study assessed the proposed WT-SVMFD model’s classification out-
comes and investigated how data size affected the model’s precision. The
performance of the algorithm improved by CS and K neighborhood was
tested and the FD accuracy of the WT-SVM model before and after the
improvement was compared and analysed.

4.1 Analysis of EFD Results Based on WT-SVM

A comprehensive low-voltage electrical tester was used to collect random
fault signals from the building electrical experimental platform and noise
reduction was applied to them by means of the Sym4 wavelet function. The
fault types were set to 4∼10 with a data volume of 400, and the variation of
the model accuracy is shown in Figure 6.
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As the number of defect categories rose for the same amount of sample
data, as shown in Figure 6, the model’s accuracy increased for both the train-
ing and test sets. When there were 10 defect types, the model’s classification
accuracy increased to 81.3% in the training set and 80.2% in the test set.
This suggests that the model is more successful in categorizing WT-SVM
with a wider variety of defects. To verify the effect of sample size on the
classification effect of the WT-SVM model, the noise reduction data was
divided into samples with data sizes of 400, 800, 1200, 1600, 2000 and 2400
and input into the model for training. The classification accuracy and training
time consumed for the 10 fault types are shown in Figure 7.

As demonstrated in Figure 7, the model accuracy increased as the sample
data volume increased, but the trend was not readily apparent from the
findings. The accuracy of the model training set and test set at 2400 data
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Figure 8 Classification accuracy of different algorithms.

volume was 82.2% and 81.4% respectively, which was not much different
from the accuracy of 400 data volume. The running time of the model was
257.3 s when the data volume was 400, while the running time was 1453.6 s
when the data volume reached 2400, an increase of nearly 6 times. It is
indicated that the signal features extracted after wavelet transform (Sym4,
5-layer decomposition) preprocessing only require a small amount of data
to extract the key information sufficient to distinguish faults. The additional
information brought by the newly added samples is limited, mainly mani-
fested as the repetition or subtle variations of the existing features. It fails
to effectively expand the discriminative information in the feature space,
resulting in a bottleneck in the performance improvement of the model.
It indicates that the research method has a relatively low data deployment
requirement. Ten different building electrical fault types were identified at
different data volumes and compared to a single SVM, Back Propagation
(BP) neural network-based FD model, with the accuracy rates shown in
Figure 8.

Figure 8 demonstrates that for the same amount of data, the WT-SVM
algorithm consistently outperformed the other two algorithms in terms of
accuracy. At a data volume of 2400, the classification accuracy of the WT-
SVM, SVM and BP algorithms for the test set was 81.4%, 78.5% and 79.0%
respectively. This indicates that the WT-SVM algorithm can effectively diag-
nose building electrical faults. The accuracy exceeds that of SVM after the
data reaches 2000. while the accuracy of WT-SVM and SVM is less affected
by the change of data volume, indicating that the SVM series classifier is
more advantageous in FD with fewer samples.
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4.2 Evaluation of the Effectiveness of the Improved WT-SVMEFD
Model Based on CS and KNN

The improved WT-SVMEFD model based on CS and KNN is denoted as
CW-SVM-KNN. different number of nearest neighbors in the KNN algorithm
will affect the experimental results to a large extent, so the k-value needs to
be determined first. The relationship between the size of the k-values and the
loss rate and accuracy rate is shown in Figure 9.

Figure 9 shows that as the value of k rises, both the accuracy and the loss
first rise and then fall until they reach their maximum values at the value of k
of 10, where the accuracy rate is the highest at 87.3% and the loss rate is the
smallest at 1.9%. Figure 10 displays the classification outcomes for the WT-
SVM and CW-SVM-KNN models after training with an 8:2 ratio between
the training set and the test set.
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Comparing Figures 10(a) and 10(b) it can be seen that the classification
features of the two types of fault data are not particularly obvious, but the
SVM can still find the best hyperplane by parameter training. It is evident
in the WT-SVM algorithm that the SVM judges faults belonging to type 2
as type 1, while the CW-SVM-KNN model is able to classify faults more
accurately, with almost no classification errors in the figure. To verify that
the CW-SVM-KNN model can improve the accuracy of fault classification,
2400 fault data containing 10 types of faults were selected to train the CW-
SVM-KNN, WT-SVM, and KNN algorithms, where the confusion matrix of
CW-SVM-KNN is shown in Figure 11.

The numbers 1 to 10 in Figure 11 correspond in turn to the 10 fault types
described in the previous section. The accuracy of the model is relatively
low for the identification of three fault types: insulation breakdown of the
winding in the transformer, damage to the insulator and leakage of the pro-
tective conductor. The model has a relatively low recognition accuracy rate
for transformer winding insulation breakdown (Type 7), insulator damage
(Type 9), and protective conductor leakage (Type 10). Quantitative analysis
reveals that the fundamental reason lies in the high similarity of the charac-
teristics of these three types of fault signals. The specific manifestations are
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as follows: The time-domain current waveforms of the transformer winding
insulation breakdown and insulator damage faults both show significant high-
frequency oscillation attenuation characteristics. The correlation coefficient
of the time-domain waveforms of the two is as high as 0.72, indicating that
their waveform forms are extremely close. At the frequency domain level,
the energy entropy analysis based on five-layer wavelet decomposition shows
that the average energy entropy values of the detail components of the fifth
layer of the two types of faults differ slightly, only 2.4%, which are 3.82 and
3.91 respectively. Moreover, their main energies are highly concentrated in
the 4.5–6.3 kHz frequency band, with an overlap rate as high as 89%. For the
leakage fault of the protective conductor, the amplitude of the leakage current
signal is too low, increasing by only about 18% on average compared with
the normal state, and it is extremely easy to be submerged by background
noise. Meanwhile, the difference range between the energy entropy of its
wavelet detail component and the normal state is only between 5% and
8%, with insufficient discrimination. Further observation of the feature space
distribution after dimensionality reduction by compressive sensing shows that
the overlap rate of these three types of fault samples in the two-dimensional
projection area reaches 40%, resulting in the difficulty for the support
vector machine to establish a clear and effective classification boundary.
The strong similarities shown in the time domain, frequency domain and
feature space as mentioned above are the core reasons for the decline in
the classification accuracy of the model for these three types of faults. The
similarity of such features increases the classification difficulty, which can
be achieved by enhancing high-frequency feature extraction or introducing
temporal dynamic characteristic optimization algorithms. To further verify
the performance of the research method, supplementary dynamic tests and
large-scale data analysis are conducted, as shown in Table 1.

It can be seen from Table 1 that under voltage fluctuations of ±30%,
strong noise and harmonic interference, the accuracy rate of the research
method remains >85%, because wavelet transform effectively separates fault
characteristics, and compressive sensing retains the energy of key frequency
bands. The research method was directly applied to the data of residential
buildings, with an accuracy rate of 88.3%, proving that the model is insensi-
tive to changes in building types. Meanwhile, the research method only takes
86 seconds to process 100,000 samples, with an online diagnosis delay of
210 ms for 1 million samples and a memory usage of only 11.2 GB. This
further proves that the research method has good operational efficiency in
large-scale data.
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Table 1 Adaptability in dynamic environments
Testing
Dimension Condition Description Key Metric Result Value
Dynamic
Environment

±30% load fluctuation Diagnostic
accuracy

0.897

Adaptability Strong noise interference
(SNR = 0 dB)

Feature stability Energy entropy
variance ≤ 0.05

Harmonic pollution (20%
THD)

Key frequency
band retention rate

>85% (4–6 kHz)

Practical
Application
Efficiency

Real-time diagnosis in
commercial buildings (8,400
samples/hour)

Average
single-diagnosis
delay

18.3 milliseconds

Cross-scenario generalization
(residential building data)

Accuracy 0.883

Large-Scale 100,000-sample training Training time 86 seconds
Data Processing 1,000,000-sample online

inference
Inference delay 210 milliseconds

1,000,000-sample processing Memory
consumption

11.2 Gigabytes

5 Conclusion

The security and dependability of building ES, which is a crucial component
of contemporary residential buildings, are extremely vital to the tenants. The
use of intelligent algorithms in FD technology offers a new assurance for the
secure operation, repair, and upkeep of building electrics. A fault diagnosis
method based on wavelet transform and SVM was designed in the research.
The innovation lies in establishing a collaborative processing mechanism
of compressive sensing and wavelet transform. Through joint noise reduc-
tion and feature compression, efficient preprocessing of signals is achieved
while retaining the information of key frequency bands. Furthermore, an
SVM-nearest neighbor dynamic optimization architecture is constructed. The
nearest neighbor algorithm is utilized to correct the decision deviation of the
support vector machine at the classification boundary in real time, thereby
improving the discrimination accuracy of complex fault samples. The study’s
findings demonstrated that the WT-SVM algorithm’s accuracy increased with
the number of training fault types, however the size of the sample size had
minimal bearing on the accuracy of the WT-SVM model. With a modest
sample amount of data, the WT-SVM method was able to classify 10 fault
types with an accuracy of 80.2%, and with a data size of 2400, it was able
to do so with an accuracy of 81.4%, both of which were higher than the
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accuracy of using the SVM and BP algorithms separately. This shows that
the WT-SVM algorithm can properly identify electrical issues in buildings
while requiring less data. The CS and KNN algorithms significantly enhanced
the CW-SVM-KNN model’s accuracy in finding faults, which resulted in a
reduction in running time to 643.7 s. This suggests that using CS to lessen
the dimensionality of the data can increase the model’s operational efficacy.
This research hasn’t actually been implemented in a practical setting because
it has only been done on an experimental platform to simulate and validate
the suggested model. Investigating in-depth applications of this FD system
for actual building electrical engineering should be the next stage.
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