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Abstract

As High Voltage Direct Current (HVDC) technology becomes increasingly important for the integration

of large-scale renewable energy sources and to ensure efficient long-distance power transmission, an

accurate assessment of insulation performance is necessary to maintain system reliability and minimize

fault risks. In this scenario, the measurement of space charge in dielectric materials is useful for

optimizing insulation systems for HVDC equipments. The Pulsed Electro-Acoustic (PEA) method

is one of the most widely used techniques for space charge analysis, but distortions introduced by

the measurement system significantly affect the accuracy of the acquired signals. Among the various

factors influencing the acquisition of the space charge profile is the convolution process between the

signal and the measuring cell, which is characterized by its own transfer function. Therefore, signal

deconvolution is essential for accurately reconstructing the space charge distribution. This paper presents

a comparative review of the deconvolution techniques suggested by researchers in the field of PEA

measurement. Theoretical principles, advantages, and limitations of methods such as Fourier and Wiener

deconvolution are analyzed, along with advanced solutions based on Laplace and Short Time Fourier

Transforms. Furthermore, the techniques have been implemented and tested in a MATLAB environment

for practical comparison. The results demonstrate how the choice of technique influences the quality of

the reconstructed signal, providing optimal selection criteria for different experimental conditions.
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I. INTRODUCTION

The transition to a sustainable energy future depends on efficient and reliable transmission

systems capable of integrating large-scale renewable energy sources. High Voltage Direct Current

(HVDC) technology has emerged as a key factor of this transition, ensuring long-distance power

transmission with minimal losses [1]–[3]. However, the reliability of HVDC systems are strongly

influenced by the performance of their insulation materials. For this reason, several researches

have focused on the study of techniques to analyze and monitor their state of health [4], [5].

Measurement of space charge is becoming increasingly important in the evaluation of dielectric

properties and in the understanding of degradation and failure phenomena [6]–[8]. The ability to

evaluate the electric field profile, based on the acquired charge distribution, allows optimization

of the insulation system design and management of a HVDC equipment, ensuring safe and

reliable operation. Among the most widely used methods for obtaining information on space

charge distribution, the Pulsed Electro-Acoustic (PEA) method stands out for its ability to

provide high spatial resolution for measurements on reduced-scale and real cables [9]–[12].

However, the interpretation of PEA acquisitions can be influenced by distortions introduced by

other mechanical and electrical components of the PEA measurement setup itself, as well as

by environment noise [13]. In addition to the attenuation and dispersion effects caused by the

dissipative nature of the dielectric medium and the cable geometry, distortions introduced by

the transducer and amplifier used for signal detection further challenge the analysis. For these

reasons, the measurement process requires a signal processing phase that aims to reconstruct the

charge profile with good accuracy [14]–[16]. To address these issues, deconvolution techniques

have taken on a pivotal role, enabling a more accurate reconstruction of the sensor input profile

and improving the quality of experimental results. However, selecting the most appropriate

deconvolution method remains a challenge due to the trade-offs between computational efficiency,

noise suppression, and signal fidelity. This paper aims to provide a comprehensive review of

the deconvolution techniques, for PEA measurement, available in literature, analyzing their

theoretical principles, advantages, limitations, and practical applications. Furthermore, this work

goes beyond a simple description of the techniques. Through implementation in MATLAB

environment, a direct comparison of these methods is provided, allowing for an empirical

evaluation of their performance in processing PEA signals. The ultimate goal is to establish



guidelines for selecting the most suitable deconvolution technique based on specific application

and measurement conditions, optimizing the accuracy of space charge distribution analysis in

HVDC cable insulation systems.

II. CONVOLUTION ISSUE IN PEA MEASUREMENT

The fundamental principle of the PEA method involves applying a voltage pulse to the device

under test, generating an electroacoustic response detected by a transducer system. Specifically,

when subjected to the voltage pulse, space charges within the dielectric experience a perturbation,

inducing the generation of acoustic waves. These waves propagate through the material and reach

the measurement cell, where they are detected. The PEA cell, which consists of an acoustic wave

transmission system and a piezoelectric sensor, converts the pressure wave into an electrical

signal proportional to the charge distribution. However, the measured signal does not directly

correspond to the original space charge distribution due to convolution effects introduced by the

system’s response, as described by the following time domain expression [17]:

y(t) = h(t) ∗ x(t) + n(t) (1)

where x(t) and y(t) are the input signal received by the PEA cell (non-convolved profile) and the

output signal (convolved profile), respectively. The system response, denoted h(t), characterizes

the response of the measurement cell, while n(t) accounts for external noise contributions. It is

important to note that x(t) itself does not correspond to the original charge distribution within

the dielectric, but serves as an intermediate signal that still requires further processing [16].

The attenuation and dispersion phenomena suffered by the profile and due to the dissipative

nature of the dielectric medium and the geometry of the cable must also be corrected. These

corrections are made by subsequent processing not included in this work for the sake of brevity.

For an accurate interpretation of the measurement, it is necessary to retrieve the signal x(t)

with a process that is known as deconvolution. The next section will explore the deconvolution

methods, emphasizing the theoretical principles and practical implications of each approach. The

described techniques have been implemented using the MATLAB environment and applied to

two space charge profiles obtained from separate measurements that have been performed on

two HVDC cables with different scales and applied voltages. The first measurement has been

conducted on a reduced scale, or model, cable at an applied voltage of 80 kV, while the second

has been carried out on a full-size cable at 525 kV. Both tests have been performed using the



same PEA measurement cell, which has been originally designed and optimized for full-size

HVDC cables [16], [18], [19]. As shown in Fig. 1 and Fig. 2, the space charge profile acquired

for the model cable exhibits lower spatial resolution compared to the full-size cable. This is

due to the mismatch between the dimensions of the model cable and the measurement system.

As a result, finer details in the charge distribution are less distinguishable in the model cable

measurement, while the full-size cable profile appears more defined and accurate. It should be

noted that deconvolution techniques can only extract information present in the raw signal. Thus,

while the algorithms remain valid and stable, the limited resolution of the acquired data restricts

the level of detail that can be meaningfully reconstructed. However, the choice to report this

comparison stems from an interest in investigating the differences that may emerge between these

two application contexts. Model cables provide an ideal, controlled environment for validating

algorithms, whereas full-size cables introduce the complexities inherent in practical, real-world

scenario.

Fig. 1. Space charge profile acquired for model cable measurement. Applied voltage: 80kV.



Fig. 2. Space charge profile acquired for full-size cable measurement. Applied voltage: 525kV.

III. DECONVOLUTION TECHNIQUES

According to the previous section, deconvolution techniques are essential tools for enhancing

data analysis, allowing the reconstruction of signals distorted by the characteristics of the measurement

system. In this context, the techniques can be classified according to the way they act on the

signal. Processing can be performed in the time domain, the frequency domain, or a hybrid

combination of both. Another distinction factor among these techniques lies in their implementation

approach. Some methods are based on iterative algorithms that progressively refine the solution

through successive approximations, allowing for the correction of distortions step by step. These

iterative processes are often more flexible and suitable for complex systems and signals with

varying levels of noise. In contrast, other techniques employ closed-form solutions that directly

compute the result, offering an immediate deconvolution of the signal based on predefined

mathematical models. Although closed-form methods may be more efficient in some cases, they

can also be more limited when the system’s behavior is more complex or less well understood.

This section aims to describe the methodologies available in the literature, highlighting their

operating principles and unique features. The implemented techniques are applied for the deconvolution

of the space charge profiles reported in Fig. 1 and Fig. 2 and compared in order to evaluate their



TABLE I

CLASSIFICATION AND ORDER OF PRESENTATION OF IMPLEMENTED DECONVOLUTION TECHNIQUES.

Type Subsection Name

Frequency

Domain

III-A Fourier Deconvolution

III-B Wiener Deconvolution

III-C Iterative Blind Deconvolution

Time

Domain

III-D Time Domain Deconvolution

III-E Sparse Deconvolution

Hybrid

Domain

III-F Dual Domain Deconvolution

III-G STFT Based Deconvolution

III-H Laplace Deconvolution

advantages and disadvantages. The results were also compared with those obtained in different

papers cited in the present article. For this work authors have chosen to subdivide the techniques

according to the domain on which they operate. The classification and order followed are shown

in Table I. Below, a comprehensive overview is provided to help identify the most appropriate

technique based on the specific applications.

A. Fourier Deconvolution

According the convolution theorem, under certain conditions, the Fourier transform of the

convolution between two time domain functions, x(t) and h(t), is equal to the product between

the transforms of the functions themselves [17]. Thus, the inverse procedure of convolution, in

the frequency domain, is the ratio between the transforms of the two functions. These principles

are particularly useful in analyzing Linear Time-Invariant (LTI) systems, allowing both the

application of filters to signals and the recovery of original signals. In the case of a PEA

measurement, the profile x(t) generated by the application of a voltage pulse is subjected to the

convolution product with the response h(t) of the system used for the detection. The convolved

profile, y(t), is obtained as output. Neglecting the presence of noise in Eq. 1, to obtain the

input profile, deconvolution is performed in the frequency domain according to the following

expression [20], [21]:

X(jω) =
Y (jω)

H(jω)
(2)



where X(jω), Y (jω) and H(jω) are the Fourier transforms of the quantities x(t), y(t) and

h(t). Determining the input signal from the output requires knowledge of the system’s transfer

function, which in this case corresponds to the PEA cell’s response. The main challenge lies

in determining H(jω), for which different approaches are available in literature. In [22]–[25],

the determination of h(t) is performed using the PEA signal that contains only surface charges,

without the presence of a space charge, as a calibration signal. According to the origin of the PEA

profile, the first peak is generated by the charge distribution at the interface between the dielectric

and the outer semiconductive layer, and represents the acoustic wave that reaches the cell almost

instantaneously, without undergoing significant attenuation effects. Therefore, the acoustic wave

retains its original shape during propagation and can be mathematically approximated as a Dirac

delta function, describing a localised distortion-free pulse. Consequently the first peak of the

acquired signal can be considered a good approximation of the sensor’s impulse response, H(jω).

In Fig.1 and Fig. 2, the portion of the raw signal extracted for the definition of H(jω) is shown

highlighted in red. Given the long tail of the impulse response, an interval from the beginning

of the signal to just before the second peak is considered. Fig. 3 shows the block diagram

for implementing Fourier deconvolution using this approach. In [26], the authors specify that a

Dirac pulse cannot be produced in practice, consequently the first peak of the acquired signal

cannot be correctly considered as the impulse response of the system. However, knowing the

actual characteristics of the applied voltage pulse, it is possible to derive H(jω) through an initial

deconvolution step between the outer peak of the acquired signal, yref (t), and a reference signal,

xref (t), with the same characteristics of the applied pulse. In [27]–[29] the reference signal is

implemented as a triangular signal or rectangular wave of very short duration, comparable to the

width of the outer peak. The process to be implemented can be seen as a two-step deconvolution:

H(jω) =
Yref (jω)

Xref (jω)
→ X(jω) =

Y (jω)

H(jω)
(3)

In Fig. 4 a block diagram summarizing the procedure for applying Fourier deconvolution with this

second approach is given. Having derived X(jω), the profile x(t) can be recovered by the Inverse

Fast Fourier Transform (IFFT). The main advantages of deconvolution using Fourier transform

include its computational efficiency, especially with the Fast Fourier Transform (FFT) algorithm,

and ease of implementation, as it simplifies the deconvolution process through frequency domain

division. It also does not require parameters to be adjusted. It is useful for applications in various

fields, working with acoustics, imaging and electrical signals, as it effectively restores blurred



or distorted signals when the transfer function of the system is known. However, there are some

aspects to be taken into account that can affect the final result. Deconvolution in the frequency

domain can amplify noise, especially at high frequencies, leading to unstable results. In fact, if

the presence of noise is taken into account, the Eq. 2 becomes:

X(jω) =
Y (jω)

H(jω)
− N(jω)

H(jω)
(4)

where divisions by zero or very close to zero can occur. Small spectral values can cause

singularities, and aliasing of the data can introduce artifacts when working with non-periodic

signals, such as when processing a space charge profile. Applying a low-pass filter helps mitigate

this by attenuating the high-frequency noise, stabilizing the output, and improving the Signal-to-Noise

Ratio (SNR). However, this introduces a trade-off: too much filtering can remove important signal

details, while insufficient filtering may not effectively reduce the noise. Fig. 5 shows the result of

deconvolution by Fourier transform of the PEA signal obtained with model cable. Specifically,

the deconvolved profile (blue) and the deconvolved and filtered profile (red) are shown. As

expected, the deconvolved profile shows a considerable reduction in the SNR, which makes the

second peak unrecognizable. The use of a low-pass filter is therefore essential to eliminate the

high-frequency components. However, with the filtered signal, the main problem emerges, namely

baseline distortion. This is more evident in Fig. 6 that shows the result of Fourier deconvolution

of the PEA profile for full-size cable. Once again, a low SNR signal and a filtered signal with

baseline distortions can be observed. Basically, Fourier deconvolution applied to the PEA signals

for both cables, model and full size, showed a significant reduction in SNR, making it difficult to

identify profile details. This phenomenon has been observed in both configurations, suggesting

that the limitations encountered are intrinsic to the Fourier deconvolution method rather than

related to the size of the cables used. A possible explanation for this behavior is the width of

the acquired temporal window. A larger window, one that includes the tail of the second peak

up to its natural convergence towards zero, would avoid the introduction of artifacts during the

transition to the frequency domain, making the result more stable. In general, this technique

is suitable for applications where signals with high SNR are acquired. These results are in

agreement with what can be found in the literature, confirming the validity of the observations

reported in previous studies and supporting the reliability of the current analysis.



Fig. 3. Block diagram for the implementation of Fourier deconvolution. Method 1.

Fig. 4. Block diagram for the implementation of Fourier deconvolution. Method 2.



B. Wiener Deconvolution

If the source of noise is known or in general there is enough information to be able to

define a statistical model for estimating the noise, it is possible to implement deconvolution

using a Wiener filter as reported in [30]–[32]. Wiener deconvolution enables simultaneous noise

suppression and signal recovery, operating exclusively in the frequency domain and it can be

seen as a modified version of Fourier deconvolution. While both techniques aim to recover a

signal from a degraded version, Wiener deconvolution incorporates statistical information about

the noise and the original signal, leading to improved results in the presence of noise. In contrast,

Fourier deconvolution primarily focuses on the frequency domain without explicitly considering

the noise characteristics. The reference equation is as follows:

Fig. 5. Deconvolved model cable profile with Fourier deconvolution.



Fig. 6. Deconvolved full-size cable profile with Fourier deconvolution.

X(jω) = W (jω) · Y (jω) (5)

Where W (jω) is the Wiener filter represented by the following expression:

W (jω) =
H∗(jω)

|H(jω)|2 + k · SNR
(6)

where | · | and ∗ are the modulus and conjugate operators and k an adjustment parameter of the

filter. It can be seen that for k tending to zero W (jω) reduces to 1
H(jω)

. In this case, Wiener

deconvolution is equal to Fourier deconvolution. In real world scenarios, the exact power spectra

of the noise are rarely known. To address this issue, a regularization parameter, γW , is introduced,

serving as an approximation of the SNR and stabilizing the deconvolution process in the presence

of noise. The expression of the transfer function becomes:

W (jω) =
H∗(jω)

|H(jω)|2 + γW
(7)

Here, γW acts as a regularization factor that approximates the ratio between the noise and signal

power spectra. This structure helps to prevent the amplification of noise in the frequencies where

the function H(jω) has very small or zero values, which would otherwise lead to instability in

the deconvolution process. By adjusting γW , the balance between noise reduction and signal

restoration can be controlled, even in cases where no precise noise model is available. In Fig. 7



a block diagram summarizing the procedure to implement Wiener deconvolution is given. Since

the way of H(jω) determination has not changed, the diagram is similar to Fig. 3 with only the

Wiener filter application part added (dashed red line).

Fig. 7. Block diagram for the implementation of Wiener deconvolution.

Fig. 8 shows the results of Wiener deconvolution applied to model cable profile, with varying

values of the parameter γW , which likely controls the regularization or noise suppression in the

deconvolution process. The plot shows three lines, each obtained with a different γW value. As

γW increases, the signal becomes smoother, indicating that higher γW values lead to stronger

noise suppression, but possibly at the cost of some signal detail. In particular, as with Fourier

deconvolution, there is a baseline distortion that is accentuated as γW increases. A similar result

is obtained for the deconvolution of the full-size cable profile, as shown in Fig. 9. These results

agree with the findings of [33], where a detailed analysis is presented for the optimal estimation

of the parameter γW , which is essential for the deconvolution of signals affected by noise.

The authors propose an analytical approach to determine the critical value that minimises the

distortion of the reconstructed signal. The formulation is based on considerations of sampling

frequency and system dynamics. In summary, Wiener deconvolution allows the reconstruction of

the input signal by preventing the amplification of noise. The technique is an extension of Fourier



deconvolution that incorporates a denoising effect. It is therefore not surprising that the result does

not differ from that obtained by Fourier deconvolution with low-pass filter application. It performs

better than simple inverse filtering for signals with noise, especially when the SNR is low. There

remains the problem of baseline distortion due to inadequate distribution of the low-frequency

components. Furthermore, the introduction of a regularization parameter introduces a trade-off

between good signal filtering and low sensitivity within a certain frequency range, which could

lead to significant information loss.

Fig. 8. Deconvolved model cable profile with Wiener deconvolution.



Fig. 9. Deconvolved full-size cable profile with Wiener deconvolution.

C. Iterative Blind Deconvolution

In [34] and [35], an iterative deconvolution technique is presented for image processing, while

in [36] the same technique is applied for the deconvolution of a PEA profile, adapting it for

signal processing. The Iterative Blind Deconvolution (IBD) is an algorithm used to estimate both

the deconvolved signal and the system response, without requiring prior knowledge of either.

This is particularly useful when the system characteristics are unknown or difficult to model. The

procedure begins with initial estimates for the input signal, x0(t), and the function, h0(t). The

iterative process then alternates between updating these estimates until a convergence criterion

is satisfied. This process can be divided into three main steps: first, the estimation of the system

response hk(t), second, the update of the input signal xk(t), and third, the loop exit condition

check. The convergence criterion can be defined in several ways, such as by minimizing noise or

maximizing the SNR of the deconvolved signal. Alternatively, a cost function to minimize, such

as the Mean Square Error (MSE) of the estimated signal, can be used. In addition to the initial

estimates the algorithm requires a tolerance value, ϵ, for the loop exit condition. The update at

the k-th iteration is implemented with the following equations:

Hk(jω) =
Y (jω)X∗

k−1(jω)

|Xk−1(jω)|2 + α
|Hk−1(jω)|2

(8)



Xk(jω) =
Y (jω)H∗

k(jω)

|Hk(jω)|2 + α
|Xk−1(jω)|2

(9)

where the capital letters indicate the Fourier transforms. The parameter α is a constant with

values between 0 and 1, used to account for the noise level. From equations 8 and 9, it can be

observed that the technique is an iterative application of a Wiener filter. The IBD technique is

inherently characterized by the non-uniqueness of its solution, as different combinations of h(t)

and x(t) can satisfy the criteria defined by the algorithm. This ambiguity makes the reliability

of the solution uncertain, as the final outcome heavily depends on the initial assumptions x0(t)

and h0(t). Consequently, to narrow the solution space and guide the algorithm toward a more

realistically plausible solution, it’s necessary to introduce constraints on the impulse response or

the deconvolved signal. This implies accurate knowledge of measurement conditions, material

properties, and system physics. Despite these limitations, the technique offers some significant

advantages. These include low computational complexity compared to more sophisticated approaches

and the integration of Wiener filters in the iterative process, which prevents noise amplification.

This ensures the convergence of the iterative loop, leading to a stable and robust estimation of

both the signal and the impulse response, even in the presence of noise.

Fig. 10. Block diagram for the implementation of IBD.

In Fig. 10, the block diagram for the implementation of the IBD is presented. As suggested



in [36], the initial estimate of the original signal can be a profile with two unitary peaks,

while the initial estimate of the system response has been considered as a damped sinusoidal

function. In Fig. 11 and 12, the results obtained with the signals for the model and full-size

cables are presented. The technique successfully provides a deconvolved signal without baseline

distortion. It’s worth noting the absence of the reflected signal from the conductor, as in the

initial assumption, x0(t), only two acoustic sources are considered at the inner and outer radius. A

low-pass filter was applied to further smooth the signal and eliminate the presence of high-frequency

components. The results obtained are in agreement with those reported in [36].

D. Time Domain Deconvolution

The previously discussed techniques operate in the frequency domain. However, the same

problem can be addressed in the time domain [23], [37]–[39]. Considering Eq. 1 in discrete

form, it is possible to express the problem with a matrix notation:

y = H ∗ x+ n (10)

where H is the system response or convolution matrix. The latter, also known as Toeplitz

matrix, is constructed based on the impulse response function h(t). Its structure reflects the

time-dependent nature of the convolution process, where each row represents a shifted version

of h(t) as shown in the following example in the case of n samples:

H =



h(t0) h(t1) h(t2) ... h(tn)

h(tn) h(t0) h(t1) ... h(tn−1)

h(tn−1) h(tn) h(t0) ... h(tn−2)

: : : ... :

h(t1) h(t2) h(t3) ... h(t0)


(11)



Fig. 11. Deconvolved model cable profile with IBD.

Fig. 12. Deconvolved full-size cable profile with IBD.

A direct solution by inverting H is not feasible due to two main issues: noise amplification and

the almost-singular nature of H, which results in an ill-conditioned problem with a determinant



close to zero [40]. To overcome these challenges, an estimate of x is obtained using regression

methods, such as the Least Squares Error (LSE) method. This approach involves minimizing a

cost function, defined as:

JTD(x) = ||y −Hx||22 + λTD||x||22 (12)

where || · ||2 is the ℓ2 norm functions, while λTD is a regularization parameter. The cost function

consists of two terms: an estimation error term and a regularization term, the latter is introduced

to improve stability, given the ill-conditioned nature of the problem. This technique is known as

Tikhonov regularization. The cost function defined in this way is convex and the closed-form

solution that minimises JTD can be expressed by the following relations:

x = (HTH+ λTDI)
−1HTy (13)

Fig. 13. Block diagram for the implementation of time domain deconvolution.

where I is the identity matrix. The estimation therefore depends on the measured profile, the

H matrix and the parameter governing the stability and accuracy of the solution. The optimal

λTD value can be assessed by applying the L-curve method [40]. Fig. 13 shows the diagram for

the implementation of time domain deconvolution while Fig. 14 and Fig. 15 show the results

obtained, with different λTD values, for the model and full-size cable profiles, respectively.

For low λTD values, the effect of regularisation is attenuated, leading to lower stability in the

solution. As λTD increases, an improvement in the process is observed, providing profiles with



reduced noise content and no spurious low-frequency components causing baseline distortion.

However, if the regularization parameter is too large, the resulting solution becomes excessively

smooth, leading to a loss of detail. In this case, the model prioritizes stability at the expense

of accuracy, introducing a high bias and making the solution less representative of the physical

reality of the problem. The results obtained are in agreement with those reported in [37], [38].

Time domain deconvolution proves to be a robust and accurate option for dealing with scenarios

where signal distortion is dominant. Although it provides a solution with a reduced content of

spurious low-frequencies, the approach is computationally very expensive. Indeed, the calculation

time is highly dependent on the size of the H matrix. Furthermore, the problem is inherently

ill-conditioned and requires an estimation technique (LSE) to obtain a result. The estimation,

however, can be unstable and requires a regularisation technique to guarantee the stability of

the solution. To obtain the optimal value of the regularisation parameter, an additional technique

such as L-curve analysis can be employed. However, all of these interconnected steps make the

process complex and computationally demanding, significantly increasing the execution time and

the difficulty of handling the parameters.

E. Sparse Deconvolution

Among the several deconvolution techniques employed in signal recovery for PEA measurement,

sparse deconvolution stands out for its effectiveness in handling signals with sparse characteristics,

such as those occurring at material interfaces or within small localized regions, offering superior

noise suppression and resolution compared to traditional approaches [41]. This technique is based

on the assumption that the signal to be estimated, x(t), possesses an inherently sparse structure,

which means that most of its values are zero or close to zero, with only a few significant

components concentrated in specific locations. As well as the previous one, it is a technique

applied in the time domain in which the solution is derived by imposing a sparsity constraint on

the signal x. This is reflected in the regularization term added to the cost function, JSD, defined

by the following relationship:



Fig. 14. Deconvolved model cable profile with time domain deconvolution.

Fig. 15. Deconvolved full-size cable profile with time domain deconvolution.

JSD(x) =
1

2
||y −Hx||22 + λSD||x||1 (14)



where || · ||1, the ℓ1 norm function, is considered for the regularization term, unlike Eq. 12. This

constraint forces many signal values toward zero, promoting sparsity. The parameter λSD is used

to adjust the trade-off between data fidelity and sparsity. Low λSD values give greater weight

to error minimisation, whereas increasing λSD values give greater weight to signal sparsity.

However, in contrast to the cost function JTD, the ||x||1 term of JSD is not differentiable

everywhere and thus does not present a closed solution for the identification of the minimum.

For this reason, an iterative approach to solving the problem is necessary. The cost function thus

defined turns out to be convex, thus ensuring that the optimisation process will be simple, as

there will be no local minima that could trap the algorithm. In [41], the approach used to find

the solution is the Majorization-Minimisation (MM) algorithm [42]. It is an iterative method

whose principle is to replace the original problem with a ‘greater’ problem that is easier to solve

at each iteration, and then minimise that greater function. Specifically, the new function G(x)

must satisfy the following conditions:

Fig. 16. 1-D example for the MM algorithm.



Fig. 17. Block diagram for the implementation of sparse deconvolution.

G(x) ≥ JSD(x) ; G(xk) = JSD(xk) (15)

The latter indicates that the function G(x) must always be greater than JSD(x) and have one

point in common with it. The first common point is established by providing an initial estimate

of the deconvolved signal, x0. Then the function G(x) is updated so that the new common point

coincides with the minimum of the previous one. The iterative procedure continues until the

minimum of function Gk(x) coincides with the minimum of function JSD(x). The equations

used for the update are:

Gk(x) =
1

2
||y −Hx||22 +

1

2
xTΛkx+

λ

2
||xk||1 (16)

xk+1 = (HTH+ Λk)
−1HTy (17)

where Λk is a diagonal matrix with elements of λSD/|xk| on the diagonal. A graphic example of

the iterative process, in the one-dimensional case, is shown in Fig. 16. In addition to the initial

estimate, x0, the algorithm requires a maximum number of iterations and a tolerance, ϵ, for the

exit condition, evaluated as follows:

|JSD(xk+1)− JSD(xk)| < ϵ (18)



Fig. 18. Deconvolved model cable profile with sparse deconvolution.

Fig. 19. Deconvolved full-size cable profile with sparse deconvolution.

Fig. 17 shows a block diagram of the iterative process for implementing sparse deconvolution.

Fig. 18 and Fig. 19 show the results of applying sparse deconvolution to the PEA profiles obtained



for model and full-size cables. Again, different profiles are shown as the regularization parameter

changes. For small values of λSD, a reduced effect of regularisation is observed, with the signal

clearly covered by noise, although a tendency towards sparse solution can be seen. As λSD

increases, a reduced noise content is observed as well as a noticeable increase in resolution (red

curve). However, there is also a reduction in the second peak compared to the first. As with IBD,

the absence of the reflection is due to the assumption of two single acoustic sources in the initial

estimation, x0. The results obtained are in agreement with those reported in [41]. However, by

continuing to increase λSD, two effects are observed. The first is an increase in the second peak

and the other is a reduction in resolution. It is believed that forcing the sparsity of the signal leads

to a greater penalty on small values, which suppresses the noise and redistributes the energy

on the main peaks. Since the technique is based on obtaining a sparse solution, this effect can

be seen as undesirable. Sparse deconvolution is suitable for analyzing signals with well-defined

peaks, such as those occurring at material boundaries or in thin regions of charge accumulation.

The main fields of application can be measurements on flat specimens, with thin thickness or

in the case of multilayer specimens where high resolution is required both instrumentally and

in processing. Alternatively, as suggested in [41], the technique is suitable for evaluating the

presence of micro bills in dielectric materials due to the high resolution that can be achieved.

Furthermore, due to the sparsity constraint, this technique is able to effectively suppress noise,

reducing spurious components without compromising the quality of meaningful information.

Unlike other techniques, sparse deconvolution also minimises baseline distortion, improving

the accuracy of the reconstructed signal and reducing artifacts introduced by high-frequency

amplification. However, this technique has some limitations that complicate its use. One is the

choice of the regularization parameter, which determines the trade-off between signal resolution

and sparsity imposition. This makes it necessary to use optimization strategies to find the most

suitable value. Gholami et al. proposed an efficient approach using Generalized Cross-Validation

(GCV) to determine the optimal value avoiding long and costly empirical tests [43]. Furthermore,

since the sparse deconvolution cost function is not everywhere differentiable, there is no closed

solution to the problem. Consequently, it is necessary to resort to iterative algorithms that increase

the computational cost compared to simpler techniques.



F. Dual Domain Deconvolution

Fig. 20. Block diagram for the implementation of dual domain deconvolution.

Conventional approaches, such as Fourier deconvolution, are prone to instability in low-frequency

spectral components. On the other hand, deconvolution in time domain, while less affected by

these issues, is computationally more demanding, particularly for signals with a great number of

samples or in real-time analysis. To address these limitations, a dual domain deconvolution has

been developed by Prastika et al., leveraging the strengths of both techniques [44]–[47]. This

technique reconstructs the deconvolved signal by merging signal spectral components obtained

through deconvolution performed in the time and frequency domains. Specifically, the first (time)

provides low-frequency content linked to a signal with an undistorted baseline, while the second

(frequency) provides high-frequency content from a signal with a greater SNR. To further reduce

the computational cost of time domain deconvolution, the signal is first downsampled to reduce

the data size. The results are then merged to produce a comprehensive signal free from high

frequency spectral noise and baseline distortions. A diagram for the implementation of dual

domain deconvolution is shown in Fig. 20, which refers to the diagrams shown in Fig. 3 and

Fig. 13 for the implementation of the individual techniques.



Fig. 21. Deconvolved model cable profile with dual domain method.

Fig. 22. Deconvolved full-size cable profile with dual domain method.

For downsampling, an averaging technique is used. This is a method in which the value of

each sample in the downsampled signal is obtained by averaging a group of adjacent samples



from the original signal. This process reduces the resolution of the signal by decreasing the

amount of data required to represent it, but can result in a loss of detail and smoothing of rapid

variations. In spectral terms, when downsampling is performed, the signal is sampled at a lower

frequency, which implies that the higher frequencies present in the original signal may not be

represented correctly. However, since only the low-frequency components are extracted from

the signal obtained by deconvolution performed in the time domain, this loss of information is

accepted as it leads to a reduction in calculation time. Another important aspect, emphasized in

[45], is the choice of appropriate criteria to overlap the two portions of the spectrum. Fig. 21

and Fig. 22 show the profiles deconvolved by dual deconvolution for model and full-size cables

respectively. Both profiles show a significant improvement in signal reconstruction compared to

techniques based only on time or frequency domain. Analysis of the results shows a reduction in

baseline distortions, typically present in Fourier deconvolution, and an improved SNR compared

to time deconvolution. However, the quality of the reconstruction strongly depends on the fusion

criteria between the two domains, in particular the choice of the transition frequencies. Moreover,

if not calibrated correctly, downsampling can cause loss of detail in the signal. The results are

in agreement with [45] where it is also shown that the technique is more efficient the lower the

noise. Overall, the profiles obtained demonstrate that dual domain deconvolution represents a

good compromise between computational stability and signal reconstruction accuracy.



Fig. 23. Block diagram for the implementation of STFT based deconvolution.

Fig. 24. Spectrogram of the measured reference signal, yref (t) (left) and the deconvolved reference profile, xref (t) (right).



G. Short Time Fourier Transform Based Deconvolution

Zhao et al. propose a Short Time Fourier Transform (STFT) based deconvolution technique

to enhance the recovery of space charge signals in HVDC power cables [48]. This approach

leverages the STFT’s ability to provide a time-frequency representation of signals, transforming

the deconvolution operation in the time domain into a localized division in the time-frequency

domain. The technique is an extension of the classical Fourier Transform, which only provides a

global representation of the frequencies present in a signal, without information on their temporal

evolution. It enables the analysis of non-stationary signals, i.e. signals whose frequency content

changes over time. The principle of the STFT is to divide the signal into short time segments,

each of which is analyzed separately with the Fourier Transform. This is done using a moving

window that selects a portion of the signal for each time instant. Mathematically, the STFT of

a signal, x(t), is defined as:

Fig. 25. Deconvolved model cable profile with STFT-Based method.



Fig. 26. Deconvolved full-size cable profile with STFT-Based method.

X(t, f) =

∫ +∞

−∞
x(t)w(t− τ)e−j2πftdt (19)

where w(t − τ) is a window function centered at instant τ . Since in [48] is not specified, a

Hamming window has been used for this analysis. While fixed-shape windows such as Hamming,

Hann, or Blackman provide comparable performance in most cases, the choice of window can

influence the balance between temporal and spectral resolution. In particular, adjustable windows,

such as the Tukey or Gaussian window, may offer greater flexibility in controlling spectral

artifatcs and adapting the analysis to different waveform characteristics [49]. These aspects

are relevant when constructing the time-frequency representation of the signal, which is at the

core of the method described below. The transformed signal is a complex function of two real

variables: time and frequency. In [48] the approach used involves the calculation of the STFT

of a reference signal, yref (t), measured under low voltage level, and an input reference signal,

xref (t), representing the ideal deconvolved profile. By dividing these references element-wise in

the time-frequency domain, the authors derive a time-frequency transfer matrix, H(t, f), which

is used to reconstruct the original signal, X(t, f), by deconvolving the measured profile Y (t, f).

The procedure is similar to that given in Eq. 3 for Fourier deconvolution:

H(t, f) =
Yref (t, f)

Xref (t, f)
→ X(t, f) =

Y (t, f)

H(t, f)
(20)



Then, the deconvolved signal in the time domain is obtained by applying the Inverse Short Time

Fourier Transform (ISTFT). Fig. 23 shows the diagram used for the implementation of STFT

based deconvolution, while Fig. 24 shows the magnitude of the STFT, known as spectrogram,

for the yref (t) signal (left) and the xref (t) signal (right), which in this analysis has been chosen

as two unit pulses concentrated at the dielectric interfaces. Fig. 25 and Fig. 26 show the results

obtained for the deconvolution of model and full-size cable profiles, respectively. In both cases,

a well reconstructed profile is obtained, free of baseline distortion and with a high SNR. The

results obtained confirm what was reported in [48] where the technique is compared with Fuorier

deconvolution. However, in analogy to IBD, the solution is strongly influenced by the choice

of the ideal reference xref (t), which therefore does not guarantee its uniqueness. The quality

of the STFT also depends on the choice of window function w(t − τ) and its width, which

modifies the resolution in time or in frequency. In fact, according to uncertainty principle, it is

not possible to achieve high accuracy in frequency and time simultaneously. A window that is

too narrow leads to high temporal resolution but low frequency resolution. The generation of

artifacts or distortions can therefore cause loss of quantitative information of the reconstructed

signal, like the modification of the shape of the second peak in Fig. 26. While the use of

STFT for deconvolution is not inherently novel, its application in this specific context provides

valuable insights, enabling the recovery of clearer space charge profiles. This facilitates improved

diagnostics and reliability assessments for HVDC insulation systems.



Fig. 27. Block diagram for the implementation of Laplace deconvolution.

Fig. 28. Deconvolved model cable profile with Laplace deconvolution.



Fig. 29. Deconvolved full-size cable profile with Laplace deconvolution.

H. Laplace Deconvolution

In [50] the Laplace deconvolution technique has been suggested to improve the accuracy

of reconstructing space charge profiles in HVDC insulation systems. Traditionally, PEA signals

have been deconvolved in the frequency domain using the Fourier transform. However, when the

measured signal exhibits long tails due to multiple reflections or not-optimal acoustic coupling,

Fourier deconvolution can return signals that are not well processed. Long tails often do not

converge to zero smoothly, introducing low-frequency components that distort the baseline. When

truncation windows are applied to handle the tail, discontinuities may create spectral artifacts,

further degrading the result. These challenges make Fourier deconvolution less effective for

signals with slow-decaying tails, where Laplace deconvolution offers a more stable alternative

by suppressing the tail’s influence. In its general formulation, the Laplace transform has the

following expression:

L{x(t)} =

∫ ∞

−∞
x(t)e−(

1
τ
+jω)tdt (21)

where τ and ω are real variables. By decomposing the exponential term and introducing the

following quantity:

x̃(t) = x(t)e−
t
τ (22)



it is possible to use τ to reduce the influence of the tails on the signal to be deconvolved. In

this case, in fact, the Fourier transform of the signal x̃(t) coincides with the Laplace transform

of x(t) for a fixed value of τ :

F{x̃(t)} =

∫ ∞

−∞
x̃(t)e−jωtdt (23)

Laplace deconvolution leverages the concept of the Laplace transform, which incorporates a

time constant parameter, τ , to modulate the signal. This parameter allows the technique to

emphasize the initial part of the signal while suppressing the tail, improving baseline stability

and reducing artifacts. Although the numerical implementation employs the Fourier transform,

particularly through the FFT for computational efficiency, the conceptual framework is derived

from the Laplace domain, which is better suited for handling signals with slow decaying tails

or distortions. The term ”Laplace deconvolution” is used because the method is rooted in the

principles of the Laplace transform, which generalizes the Fourier transform. By tuning τ , the

exponential weighting modifies the frequency spectrum of x(t) in a manner that mimics the

behavior of a Laplace transform. When τ is large, the Laplace transform converges to the Fourier

transform, losing its specific advantages. Conversely, smaller τ values suppress the influence

of the signal tail, minimizing distortions caused by unwanted low-frequency components. This

flexibility in adjusting τ allows Laplace deconvolution to offer a more robust and stable alternative

for processing PEA signals, particularly in scenarios where traditional Fourier deconvolution

struggles with baseline distortion and noise amplification. In Fig. 27 a block diagram summarizing

the procedure for applying Laplace deconvolution is reported [10]. Once the deconvolution in the

frequency domain is realised, the signal in the time domain is derived by means of an inverse

transform, also considering the reconstruction of the tails by multiplication by an increasing

exponential. Fig. 28 and Fig. 29 illustrate the results of Laplace deconvolution applied to the

PEA signal for mini and full-size cable for three different values of the time constant τ . In both

cases the parameter significantly influences the shape of the reconstructed signal by modulating

the exponential weighting factor. For smaller values of τ (0.28 µs, gray line), the exponential

weighting effectively suppresses the influence of the signal’s tail, but this comes at the cost of

increased noise amplification, as evidenced by the oscillatory artifacts. For larger values (200

µs, blue line), the weighting has minimal effect on the tail, preserving a smoother baseline but

reducing the ability to suppress low-frequency distortions introduced by the tail. An intermediate

value of 2 µs (red line), strikes a balance, providing better noise suppression and baseline stability,



though it may slightly under-represent rapid signal changes. This demonstrates how the tuning

can optimize Laplace deconvolution for specific signal characteristics. Once again, the results

are in agreement with what was reported in [10].

IV. DISCUSSION

The comparative analysis of deconvolution techniques for PEA signal processing highlights

the trade-offs between computational complexity, noise suppression, and reconstruction accuracy.

Each method presents unique advantages and limitations that influence its applicability to different

scenarios. For frequency domain approaches Fourier and Wiener deconvolution offer computational

efficiency and straightforward implementation. However, these methods amplify high-frequency

noise and suffer from baseline distortions, making them less reliable when the system transfer

function is not well characterized. Wiener deconvolution provides some noise suppression by

incorporating statistical noise estimation, but its effectiveness depends on the accuracy of the

noise model unless it is decided to introduce a control parameter. Its iterative application by

means of IBD bypasses the problem of baseline distortion and exact knowledge of the transfer

function but requires an initial condition that does not guarantee the uniqueness of the solution.

Time domain approaches such as direct time-domain deconvolution and sparse deconvolution

provide improved baseline stability and reduced spurious low-frequency components. Sparse

deconvolution, in particular, enhances resolution and is highly effective in detecting tiny localized

charge accumulations. However, time-domain approaches require solving ill-conditioned inverse

problems, making them computationally demanding and dependent on careful parameter tuning.

Hybrid techniques achieve a balance between computational efficiency and reconstruction accuracy.

The STFT-based method improves signal reconstruction by adapting to time-frequency signal

analysis, while Laplace deconvolution mitigates long-tail distortions and enhances baseline stability.

These methods offer promising alternatives for real-world HVDC cable diagnostics but require

careful calibration of parameters such as transition frequencies, windowing functions, or time

constants. The comparison findings are summarized in Table II. Interestingly, this analysis did not

reveal substantial differences in the performance of these deconvolution techniques when applied

to model cables versus full-size cables, suggesting that the primary challenges in PEA signal

deconvolution are often intrinsic to the signal characteristics and algorithm limitations rather than

being heavily dependent on the cable’s scale. The problem of deconvolution manifests itself in

many fields, especially in image processing, where more sophisticated algorithm applications



including machine learning and deep learning are already in place [51]. Further research should

explore these new frontier of deconvolution techniques, i.e. for transfer function estimation,

leveraging data-driven approaches to optimize signal reconstruction. Additionally, real-time implementation

of advanced deconvolution methods could enhance on-site HVDC cable diagnostics, improving

the predictive maintenance of insulation systems.

V. CONCLUSION

The study of space charge in HVDC insulation systems can be useful to evaluate and ensure

the reliability of power cables. In this context, deconvolution techniques have been widely used

to reconstruct space charge profile from raw signals acquired with the PEA method, reducing

distortions introduced by the measurement system. This work presents a comprehensive review

of the deconvolution approaches that have been found in the literature, analyzing their theoretical

principles, advantages, and limitations. In addition to the theoretical review, the techniques have

been implemented and compared through tests on PEA signals acquired from real measurements.

The results obtained were also compared with those reported in the cited papers, which verified

the consistency and reliability of the applied methodologies. The comparative analysis highlighted

that the choice of the most appropriate deconvolution technique depends on several factors,

including computational limitations, noise levels, and specific application requirements. While

frequency domain methods offer greater computational efficiency, time domain methods, and

hybrid approaches ensure higher accuracy also for complex measurement conditions. Future

developments should focus on enhancing deconvolution algorithms for real-time applications,

integrating adaptive techniques and machine learning-based approaches to enhance the robustness

and automation of signal processing. The refinement of these methodologies represents a significant

step forward in the advancement of HVDC insulation diagnostics, contributing to more efficient

monitoring and maintenance systems for the electrical grids of the future.
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