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Abstract. In the context of DC charging for electric vehicles, noise interference in DC grid signals
significantly compromises the accuracy of energy measurement during charging, leading to
potential billing inaccuracies and operational inefficiencies. To address this challenge, this paper
proposes a high-precision energy measurement method for DC charging piles, integrating wavelet
threshold denoising and signal smoothing techniques. First, an improved wavelet threshold
denoising algorithm is applied to process the noisy raw signals. Unlike conventional approaches,
this method employs particle swarm optimization (PSO) to dynamically determine the optimal
parameters of a soft-hard threshold compromise function, ensuring near-optimal noise suppression
while preserving critical signal features. Following denoising, a moving average smoothing filter
is applied to further refine the signal, reducing residual fluctuations. The final energy measurement
is computed using gradient integration, enhancing precision in cumulative energy calculations.
Addressing the noise and precision challenges in DC charging pile metering requires a dedicated
signal processing strategy. This work presents an integrated solution combining PSO-based
adaptive wavelet denoising with post-processing smoothing to meet these requirements.
Simulation experiments demonstrate that the PSO-optimized wavelet denoising algorithm
significantly outperforms traditional methods in terms of signal-to-noise ratio and mean squared
error, confirming its effectiveness in noise reduction. Additionally, the smoothing process is
shown to improve energy measurement accuracy by minimizing transient distortions. A
comparative analysis reveals that while cubic spline interpolation offers minor improvements, its
impact on overall measurement precision is limited compared to the proposed de-noising-
smoothing framework. The proposed method not only enhances the reliability of DC charging
energy metering but also provides a robust solution for noise-laden industrial signal processing.
Future work will explore real-time implementation and hardware optimization for large-scale
charging infrastructure.

Keywords: DC charging energy measurement, wavelet threshold denoising, moving average
method, particle swarm optimization, cubic spline interpolation.

1. Introduction

With the rapid development of the new energy vehicle industry, DC charging piles have
become essential facilities for electric vehicle charging. The accuracy of their energy measurement
is increasingly critical [1]. As nonlinear loads, charging piles produce DC-side signals containing
harmonics, noise, and voltage and current fluctuations [2]. These factors not only cause energy
measurement errors but also negatively impact the economic interests of both charging users and
electricity sellers. Against this backdrop, improving the accuracy of energy measurement for DC
charging piles has become a key focus of academic and industrial research.

Currently, researchers have proposed various denoising methods to address noise interference
in energy measurement for charging piles. For example, low-pass filters have been used for
harmonic suppression, effectively filtering high-frequency noise in power grid signals, but their
performance in signal recovery accuracy remains insufficient [3-4]. Median filtering, known for
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its robustness against impulse noise, is often employed for signal preprocessing but may result in
the loss of some useful information [5]. Additionally, power spectral analysis combined with
adaptive filters allows for dynamic adjustment of filtering parameters, but the high complexity of
the algo-rithm limits its wide application in practical scenarios [6].

In the field of wavelet analysis, wavelet threshold denoising methods have been widely used
in energy measurement signal processing due to their advantages in time-frequency domain
decomposition. Traditional hard and soft threshold methods have been shown to suppress high-
frequency noise to some extent, but their draw-backs include oscillations or fixed biases during
signal reconstruction [7]. In recent years, researchers have proposed improved threshold functions,
such as adaptive wavelet thresholds and wavelet thresholds optimized by genetic algorithms, to
enhance denoising performance. However, these methods still fail to fully address the issue of
signal detail loss [8-10]. To improve the accuracy of energy measurement, re-searchers have
proposed various dynamic measurement algorithms. For instance, harmonic analysis methods
based on wavelet packet decomposition can separate harmonic and interharmonic components in
power grid signals. Instantaneous energy analysis methods combined with Hilbert transform have
been applied to dynamic energy measurement, but their robustness in high-noise environments
remains limited [11]. Additionally, error correction methods based on piecewise linear fitting per-
form well for low-frequency signals but are less effective when dealing with complex multi-
frequency mixed signals [12]. Traditional hard thresholding suffers from discontinuities that may
cause oscillations, while soft thresholding introduces fixed bias. The improved soft-hard threshold
compromise function avoids these issues, balancing noise reduction and signal preservation. Its
purpose is to combine the strengths of hard and soft thresholds, avoiding oscillations and bias
simultaneously, thus enhancing denoising performance.

Although the above studies have improved energy measurement accuracy to some extent, there
are still significant shortcomings in terms of denoising quality, signal smoothness, and real-time
performance in practical engineering applications. To address these issues, this paper proposes an
energy measurement method that com-bines improved wavelet threshold denoising with the
moving average method. By introducing particle swarm optimization (PSO) to determine the
denoising parameters, the method achieves near-optimal denoising. The moving average method
is then ap-plied to further enhance signal smoothness, significantly improving energy measure-
ment accuracy. This approach integrates advanced denoising techniques with optimization
algorithms, providing a new solution and practical foundation for high-accuracy energy
measurement in DC charging piles. The principal novelty of this work is threefold: (1) the
introduction of a Particle Swarm Optimization (PSO) framework to dynamically determine the
optimal parameters (k; and k,) of an improved soft-hard threshold compromise wavelet function,
moving beyond fixed or empirically set parameters; (2) the structured two-stage signal
enhancement process that sequentially applies this optimized denoising followed by a moving
average smoothing filter, specifically designed to minimize residual fluctuations critical for
accurate energy integration; and (3) the holistic application of this combined denoising-
smoothing-optimization framework to the specific problem of DC charging pile energy
measurement, demonstrating superior performance over conventional and alternative advanced
methods.

2. DC energy measurement method

The flowchart of the proposed DC energy metering method is shown in Fig. 1. For the noisy
raw signals on the DC side, wavelet denoising and smoothing processes are applied, followed by
the use of the gradient integration method to calculate the DC energy. In practical scenarios, the
DC grid signals contain noise, voltage fluctuations, current fluctuations, etc., which can affect the
calculation results. To address the noise in the DC grid signals, the paper introduces a wavelet
threshold denoising algorithm to filter out the noise in the voltage and current signals as much as
possible, thus im-proving the accuracy of the calculation results.
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Fig. 1. Signal processing flow

3. Wavelet threshold denoising algorithm

After wavelet decomposition of the DC grid signal, the energy of low-order harmonic signals
is concentrated in the low-frequency coefficients, while the noise energy and a small amount of
high-order harmonics are distributed in the high-frequency coefficients. Therefore, it is necessary
to set an appropriate threshold based on the characteristics of the wavelet transform. The wavelet
coefficients outside the threshold range are retained, and those within the threshold range are
removed, thus achieving signal denoising. The flowchart of the wavelet threshold denoising
algorithm based on particle swarm optimization for parameter setting is shown in Fig. 2.

Wavelet basis
selection
D is tput
Layered threshold
signal

Fig. 2. Multi-scale feature extraction module structure

Wavelet decomposition
level selection

Particle swarm optimization

Parameter

Improved soft-hard threshold determination

compromise function

3.1. Wavelet threshold function

The traditional wavelet threshold functions include the hard threshold function and the soft
threshold function [13-14]. The expression of the hard threshold function is shown in Eq. (1), and
the expression of the soft threshold function is shown in Eq. (2):

IO (CT o [T =

e {0, || <2, @)

o {sgn(w,-,k)(lw,-,k| —2), o] =2 o
Tk 0: |wj,k| < A,

where, wj is the k-th coefficient in the detail coefficient array of the j-th level after wavelet
decomposition of the noisy signal. @; . is the estimated wavelet coefficient after processing by the
threshold function. A is the threshold value, and sgn(x) is the sign function.

The hard threshold function contains discontinuities, which can cause oscillations in the
reconstructed signal [15]. Although the soft threshold function does not have discontinuities, a
fixed bias exists between w; and @;;, when |w]-,k| > A. This bias is unfavorable for separating
useful signals from noise. To address the shortcomings of both hard and soft threshold functions,
researchers have proposed an improved wavelet threshold function — the improved soft-hard
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threshold compromise function . The expression of the improved soft-hard threshold compromise
function is shown in Eq. (3) [16]. This function aims to combine the strengths of hard and soft
thresholds, thereby avoiding oscillations and bias simultaneously and enhancing denoising
performance:

sgn(wj) (|ojel =21 = k), |ojel = 2,

kq
W
sgn( (Uj,k)le,k| * % * ko,

Wi =

3)
|(1)]"k| < /1,

where, k; and k, are adjustment factors for the improved threshold function. Here, k; is a constant,
and0< k, < 1.

The improved soft-hard threshold compromise function has no discontinuities and does not
suffer from the fixed bias problem. It addresses the shortcomings of both the hard threshold and
soft threshold functions while retaining their respective advantages. This function aims to combine
the strengths of hard and soft thresholds, avoiding oscillations and bias simultaneously, thus
enhancing denoising performance.

3.2. Threshold of the wavelet threshold function

The traditional wavelet threshold selection rules include the following four types [17]:
1) Universal threshold rule (sqtwolog), with the formula as follows:

T = oV2InN, 4)

where, o is the noise standard deviation, and N is the signal length.

2) Unbiased risk estimate rule (rigrsure). It is derived from the soft threshold function and
based on the principle of unbiased estimation of mean squared error.

3) Heuristic unbiased risk estimate rule (heursure). It is a compromise between rule 1) and
rule 2).

4) Minimax rule (minimaxi). Its principle is to perform Bayesian estimation using prior
information of the true wavelet coefficients.

Among the above threshold selection rules, rule 2) and rule 4) can retain weak useful signals
and are suitable for cases where noise is less distributed in the high-frequency components of the
signal. In contrast, rule 1) and rule 3) may misjudge high-frequency signals as noise. Another type
of layered threshold decreases as the number of wavelet decomposition levels increases, which is
consistent with the variation pattern of noise wavelet coefficients. This layered threshold reduces
bias and improves the accuracy of the threshold. The calculation expression of the layered
threshold is shown in Eq. (5):

_ o/2In(N) 5)

T I+ 1)’

where, o represents the estimated standard deviation of the noise, N denotes the length of the
wavelet coefficients after decomposition, j indicates the wavelet decomposition level, and A;
represents the threshold for the j-th decomposition level.

3.3. Parameter determination of the wavelet threshold function
The wavelet threshold function mentioned above contains two parameters, k; and k,, whose
selection directly impacts the effectiveness of wavelet threshold denoising. This problem can be

abstracted as an optimization problem, where the goal is to calculate the approximate optimal
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values of k; and k, through an algorithm to achieve near-optimal denoising performance. In this
paper, particle swarm optimization is used to determine the approximate optimal values of k; and
k,, and the algorithm flowchart is shown in Fig 3.

Initialize
parameters

\
Calculate the fitness of
each particle

!

Find the individual best value
and update the global best value

Update the velocity and position
of each particle

Does the fitness meet the
termination condition?

Fig. 3. Particle swarm optimization process

The output signal-to-noise ratio (SNR) and the output signal root mean square error (RMSE)
are selected as the indicators for measuring the wavelet threshold denoising performance. The
formulas for calculating these two indicators are shown in Eqs. (6) and (7):

SNR = 101g< =1 °(0) ) (6)
Nois?(m) = 82()])
1 N
RMSE = Nzn=1[52(n) —2m)], (7)

where, s(n) is the noisy original signal, and §(n) is the denoised signal. The larger the value of
SNR and the smaller the value of RMSE, the better the performance of wavelet threshold
denoising.

PSO was selected over genetic algorithms and simulated annealing because of its simpler
implementation, faster convergence, and robustness in low-dimensional optimization problems,
which better satisfy real-time requirements.

Therefore, the fitness function in the particle swarm algorithm can be constructed as shown in

Eq. (8):

1
f + RMSE; + o+ RMSE, (8)

~ SNR, NR,
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where, f is the fitness value, SNR; and RMSE; are the signal-to-noise ratio and root mean square
error of the voltage output signal, while SNR, and RMSE; are the signal-to-noise ratio and root
mean square error of the current output signal.

4. Smoothed denoised power grid signal
4.1. Moving average method

The moving average method introduces the concept of a “window”, which slides over the noisy
power grid signal. Each time the window slides over an element, the arithmetic mean of the data
within the window is calculated. The data within the window is also updated as the window moves
[18-19]. Through this process, abrupt elements in the power grid signal are partially eliminated,
achieving the goal of smoothing. This step reduces residual fluctuations after denoising, ensuring
smoother signals before gradient integration, thereby directly improving energy measurement
accuracy.

For the simple smoothing method, there is only one parameter, the window length. Let the
window length be m, and the smoothing coefficient is always 1/m. Let the original signal be xy,
where k = 1, 2,..., n. Then, the sliding average formula for the k-th data point is:

Xi, (9)

m+1 m-1

where, k € (T’ n— T)’ where n is the length of the data points.

The window length and smoothing coefficient of the simple smoothing method are fixed
values, which are not conducive to effectively smoothing noisy power grid signal data and have
poor universality. The MATLAB toolbox provides a smoothing function called smoothdata, which
determines the window length in an adaptive manner and returns the moving average of the vector
elements, resulting in better smoothing performance.

After the power grid signal is denoised using the wavelet threshold method, it can be smoothed
using the moving average method. The power of the power grid signal during DC charging can
then be calculated using Eq. (10):

N-1

w = u(t,)i(t,)At, (10)
;J k k

where, u(t;) is the instantaneous voltage, i(t;) is the instantaneous current, and At is the time
difference between sampling points t,. When At is sufficiently small, the calculated value of this
equation is almost equal to the integral of power over time, which represents the energy value.
Essentially, this equation is the calculation formula for integration in practical engineering.

If the data quantity of the power grid signal is increased through interpolation methods, it is
theoretically possible to further improve the accuracy of DC charging energy measurement.

4.2. Cubic spline interpolation method

In the data processing process, when the data volume is insufficient, interpolation methods can
be used to supplement the data points. Cubic spline interpolation is an algebraic interpolation
method, which also includes methods such as Lagrange interpolation and Newton interpolation.
Compared to Lagrange interpolation and Newton interpolation, cubic spline interpolation
eliminates the Runge phenomenon found in Lagrange interpolation and improves the smoothness
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of Newton interpolation at the nodes. Cubic spline interpolation is a piecewise interpolation
method, and the process is as follows.

Divide the given interval [a, b] into several smaller intervals: a = xg < x; < *++ < x,, = b.
Given that f(xj) =y;,j=01,-,n If:

Sl(x)l X € [xOfxl])
S(x) — SZ(x)’ X € [xlixZ]' (11)

Sn(x): x € [xn—lixn]'

Satisfies:

1) S(x) is a cubic polynomial on the interval [x;, Xj].

2) S"(x) is continuous on the interval [a, b].

3)S(x) =y;,j=01,--,n.

Then, S(x) is called the cubic spline interpolation function. When x € [x;j, xj44],
j=01,--,n—-1:

Si(x) = a; + bix + ¢;x* + d;x>. (12)

There are n cubic polynomials, and the number of unknown coefficients is 4n. To solve for
these unknown coefficients, a system of solvable equations needs to be established based on the
known conditions, which include interpolation conditions, continuity conditions, and natural
boundary conditions. The following equation shows how these conditions can be used to establish
4n equations.

1) Interpolation condition: S(x;) = y;,j = 0,1,---,n.

2) Natural boundary condition: "' (x,) = 0, S"'(x;,) = 0.

3) Continuity condition:

S(xj +0) =S(x; — 0),
S'(xj +0) =5"(x; — 0),
5"(xj+0) =5"(x;— 0),
j=12-,n-1

5. Experimental results and analysis

Besides traditional methods, we considered cubic spline interpolation and adaptive filtering
methods. Results indicate the proposed denoising-smoothing method achieves superior accuracy.

5.1. Signal model establishment

In the scenario of DC charging at electric vehicle charging stations, the DC grid signal on the
DC side contains, in addition to the DC component, the 11th, 13th, and 15th harmonic waves,
which have the most significant impact during electric vehicle charging. The harmonic contents
are 5 %, 3 %, and 1 %, respectively.

The expression for the original voltage signal u is given in Eq. (13), and the expression for the
original current signal i is given in Eq. (14):

u(t) = u + 0.05v2ucos(2mn, ft) + 0.03v2ucos(2mn, ft + 41/5)

T
+0.01v2ucos (Znn3ft + 5), (13)
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i(t) =i+ 0.05 - V2icos(2mn, ft + 1/2) + 0.03 - VZicos(2mn, ft + 1/3)

3n 14
40.01 - VZicos (2nn3ft + T)' (14)

where, the DC voltage signal u = 500V, the DC current signal i = 60, the fundamental frequency
f = 50H, the harmonic orders are n; = 11, n, = 13, n; = 15, the sampling rate is 100 kHz, and
the total simulation time is 0.1 s.

Original Voltage Signal

Voltage (V)
3
o

0 0.02 0.04 0.06 0.08 0.1
Time (s)
Original Current Signal

solds LW AN L R s el S L LW

) LA R A LA

Time (s)
Fig. 4. DC energy measurement method

In the scenario of DC charging at electric vehicle charging stations, the voltage and current
signals on the DC side contain not only high-order harmonics but also noise. Therefore, Gaussian
noise with a SNR of 25 dB is added to the DC side signals containing harmonics in the simulation.
The waveforms of the noisy voltage and current signals are shown in Fig. 4.

5.2. Particle swarm optimization algorithm to determine the parameters of the wavelet
threshold function

Before applying the wavelet threshold denoising algorithm, the two parameters k; and k, in
the improved soft-hard threshold compromise function need to be determined using the particle
swarm optimization algorithm. The population size of particles is set to 100, with two parameters
as independent variables, so the particle dimension is set to 2. The maximum number of iterations
is 400, and the learning factors are ¢; = 1.5 and ¢, = 1.5. The inertia weight range is [0.4, 0.8],
the position range is [0, 6], and the velocity range is [-1, 1]. The fitness function is shown in
Eq. (8). k; converges to approximately 3.507, and k, converges to approximately 0.0978. This
function aims to combine the strengths of hard and soft thresholds, avoiding oscillations and bias
simultaneously, thus enhancing denoising performance.

To verify that the approximate optimal parameter values (k; = 3.507 and k, = 0.0978),
determined by the particle swarm optimization algorithm, improve the denoising effect of the
wavelet threshold denoising method, a set of typical parameters k; = 6.0 and k, = 0.5 is used as
a comparison. The SNR and RMSE of the output signal are calculated for input signals with
different signal-to-noise ratios. The results are shown in Fig. 5. As seen from Fig. 5, the parameters
determined by the particle swarm optimization algorithm can optimize the denoising effect of the
wavelet threshold denoising algorithm.
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Fig. 5. Comparison of denoising effects between general parameters and approximate optimal parameters
5.3. The results of wavelet threshold denoising

In this paper, an improved soft-hard threshold compromise function and hierarchical threshold
are used to construct a wavelet threshold denoising algorithm for noise in the DC-side power grid
signal. The wavelet basis is selected as db8, with the wavelet decomposition level set to 6, and
ky; = 3.507, k, = 0.0978. The SNR of the input noisy original signal is set to 25 dB. The input
power grid signal is denoised using the discrete wavelet function, and the output signal's SNR and
RMSE are calculated. These two metrics are used to evaluate the denoising performance. This
function aims to combine the strengths of hard and soft thresholds, avoiding oscillations and bias
simultaneously, thus enhancing denoising performance. Specifically, Daubechies 8 (db8) was
used as the wavelet basis, with decomposition level set to 6.

As shown in Figs. 6 and 7, the voltage and current signals are subjected to wavelet threshold
denoising using both traditional thresholds and hierarchical thresholds under different input
signal-to-noise ratios. The calculated output signal SNR and RMSE are presented. From Figs. 6
and 7, it can be observed that as the input signal SNR increases, the output signal SNR after
hierarchical threshold processing remains at a relatively high level, while the RMSE between the
output signal and the original signal remains at a low level. Therefore, the wavelet threshold
denoising with hierarchical threshold significantly outperforms other traditional thresholds.

40 T 160]
—a— sqtwolog

—a— sqtwolog
—a—  Layered Threshold

—&a—  Layered Threshold
—— heursure
—— heursure 140|
35 _— rigrsure

rigrsure minimax
minim
120
wof ﬁ/@
o< /@ﬁ

100

Output SNR

Output root mean square error

60
) Q\ﬂ\g
A —

1 0
10 15 20 25 30 10 15 20 25 30
Input SNR Input SNR

Fig. 6. Denoising effect of voltage signal under different thresholds
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Fig. 7. Denoising effect of current signal under different thresholds

Table 1 calculates the average SNR and average RMSE values for the voltage and current
signals, further demonstrating that the wavelet threshold denoising with hierarchical threshold
performs better.

Table 1. Experimental results

Harmonic extraction SNR (Voltage RMSE (Voltage SNR (Current MSE (Current
method signal) signal) signal) signal)
Layered threshold 324 13.30 32.6 1.6
heursure 20.1 63.1 21.2 7.2
Minimaxi 20.1 63.1 20.5 7.5
rigrsure 20.1 63.1 20.1 7.6
sqtwolog 20.1 63.0 21.5 7.2

The output signal waveform after denoising the input signal using the hierarchical threshold
wavelet threshold denoising algorithm is shown in Fig. 8. It is evident that the denoised signal in
Fig. 8 contains significantly less noise compared to the noisy original waveform in Fig. 4.

Denoised Voltage Signal

N T I YTy TYY TR YT

= UYWAYV

R A LM M A AL AR I A AR A
0 0.02 D 0.0£T T(ijmg (S)OtOZ | 0.08 0.1

Time (s)
Fig. 8. Denoised signal
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5.4. Energy metering after smoothing processing

Direct gradient integration on noisy signals produces large errors. Our approach with denoising
and smoothing lowers error variance significantly, as demonstrated in Fig. 9. After wavelet
threshold denoising, the noise content in the DC side grid signal is already at a low level. However,
as shown in Fig. 8, the denoised signal is still not smooth enough, which may affect the accuracy
of the energy metering results. Therefore, the signal after denoising is smoothed using the moving
average method, and cubic spline interpolation is applied to the smoothed signal to further improve
the accuracy of energy metering.

a5 Comparison of Electric Energy Calculation Errors

—~&— Direct Gradient Integration
44 A\ —¥— Smoothing + Gradient Integration
h‘ .K —>— Smoothing + Cubic Spline Interpolation +

N
|
AN

T

| | R
RN /\\
L

Error

|
|
N /|

0 5 10 15 20
Samples
Fig. 9. Electric energy measurement results

By performing integration on Eq. (13) and (14), the true value of the energy is obtained, which
facilitates the calculation of the energy metering error of the method described in the paper in
MATLAB simulation. As shown in Fig 9, to improve the reliability of the experimental results,
20 simulations of energy metering were performed in MATLAB. From Fig. 9, it can be observed
that directly performing gradient integration on the denoised signal leads to relatively large errors
and significant error fluctuations. In contrast, after smoothing the denoised signal using the
moving average method and then performing gradient integration, the energy metering error
remains consistently low and stable. For the denoised signal, when smoothing is applied followed
by cubic spline interpolation and then gradient integration, the energy metering error shows
minimal improvement while increasing computational complexity.

6. Conclusions

In this paper, a method combining wavelet threshold denoising and the moving average
method is proposed to address the energy metering issue of the DC side in electric vehicle charging
piles in DC charging scenarios. The method uses an improved soft-hard threshold compromise
function as the wavelet threshold function and selects a hierarchical threshold. Its innovation
primarily resides in the PSO-optimized adaptive wavelet denoising coupled with post-denoising
signal smoothing. The parameters of the improved soft-hard threshold compromise function are
determined using particle swarm optimization. After wavelet threshold denoising of the DC side
signal, the signal is further processed using the moving average method to make it smoother, and
energy is finally calculated using gradient integration. The paper simulates the DC side grid signal
of the electric vehicle charging pile in a DC charging scenario and conducts energy metering
experiments. The experimental results show that the denoising effect obtained using the improved
soft-hard threshold compromise function with the hierarchical threshold is better than that of
traditional thresholds, and the use of particle swarm optimization to determine the approximately
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optimal parameter values ensures nearly optimal denoising performance. At the same time, the
experimental results demonstrate that the moving average method improves the accuracy of
energy metering through signal smoothing. However, performing cubic spline interpolation after
smoothing does not further enhance energy metering accuracy; this is likely because the
smoothing process has already filtered out the high-frequency noise that interpolation could
otherwise have misinterpreted as meaningful signal. In future work, we plan to conduct on-site
data validation with real charging piles, explore hardware acceleration for real-time
implementation, and expand applications to other smart grid scenarios.
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