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Abstract

Electrochemical impedance spectroscopy (EIS) is a widely used technique for analyzing battery
dynamics over a broad frequency spectrum. Conventional state-of-the-art EIS methods involve
applying a sequence of sinusoidal excitation signals, ranging from very low to very high frequencies,
to capture the impedance response of the battery. However, this process is time-consuming, often
requiring several hours to complete. Alternatively, approaches using pulse-based excitation have
shown promise in reducing test time but often suffer from challenges in handling measurement
noise and poor frequency resolution, especially at low frequencies. This work presents an improved
rectangular pulse-based impedance characterization technique that enhances low-frequency resolution,
increases robustness to noise, and reduces experimental time. This is accomplished through the
following three key contributions of this paper: First, it establishes statistical noise properties in
the Fourier-transformed signals, enabling effective noise reduction through averaging. Second, it
proposes a log-frequency clustering approach to average impedance data, enhancing the accuracy of
the impedance spectrum. Third, it presents a systematic pulse design method using the knowledge
of the approximate time constants of the system to select the sampling interval, pulse width, and
rest duration for reduced test time, improved low-frequency resolution, and enhanced signal-to-
noise ratio (SNR). Together, the proposed approach enables faster, and a more accurate impedance
characterization. Simulation analysis and experimental results confirm that the proposed approach
enhances spectral resolution at low frequencies, mitigates the impact of noise at high frequencies, and
significantly improves the reliability of impedance estimates at a faster measurement time-frame.

Keywords: battery management systems; electrochemical impedance spectroscopy; battery testing;
impedance analysis; state of health

1. Introduction
Electrochemical impedance spectroscopy (EIS) is a well-established method for analyzing the

dynamic behavior of electrochemical systems, including batteries, [1–3]. The impedance parameters
derived from the EIS play a central role in estimating the key battery states such as state of charge
(SOC) [4,5], state of health (SOH) [6–10], and remaining useful life (RUL) [11]. Leveraging the EIS
within battery management systems (BMS) enables accurate battery state estimation that improves the
performance, safety, and reliability in applications, such as electric vehicles (EVs) and energy storage
systems.

1.1. Literature Review

State-of-the-art EIS techniques involve applying small amplitude sinusoidal current signals at
multiple discrete frequencies, typically spanning from low to high, and measuring the resulting
voltage to construct the impedance spectrum [12–14]. While effective, this approach is inherently
time-consuming, especially at low frequencies, which limits its practical utility in real-time applications.
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To address this limitation, pulse-based excitation methods have gained attention due to their ability
to significantly shorten the measurement time while still enabling accurate impedance estimation
[15–22]. Unlike sinusoidal excitation, which captures information at a single frequency and requires
sequential sweeps, pulse excitation excites a broad range of frequency components at once, making it
a more efficient alternative. By applying a fast Fourier transform (FFT) [23] to the input current and
the concomitant voltage response, the impedance spectrum can be derived, enabling analysis in the
frequency domain.

In [24], a voltage step signal was utilized as the excitation source for impedance analysis, while
the authors in [25] employed both step and pulse current signals to estimate the impedance. In both
studies, the impedance spectrum was derived by applying the Laplace transform to the input and
output signals. A novel method was proposed in [26] to extract the impedance spectrum directly
from the pulse charge/discharge curves of batteries, offering an alternative approach to traditional
EIS techniques. In [27], a rapid computation method for broadband battery impedance utilizing the
S-transform employing Gaussian window was introduced. Furthermore, wavelet transform-based
methods were explored in [28–30], where pulse current and voltage signals were analyzed in the
time-frequency domain to extract the impedance information, highlighting the potential of wavelet
analysis for EIS. In a broader comparison, authors in [31] investigated various excitation signals,
including rectangular pulses, Gaussian inputs, and sinc waveforms, and compared their resulting
impedance spectra against those obtained through standard sinusoidal excitation.

1.2. Research Gap & Motivation

Although pulse-based methods have demonstrated strong potential as faster and more efficient
alternatives to conventional EIS, several critical challenges remain unaddressed in the literature. A
primary limitation lies in the sensitivity to noise, particularly in the high-frequency region where the
signal-to-noise ratio (SNR) tends to degrade. This often results in unreliable impedance estimates when
compared with sinusoidal excitation. While studies such as [12,13] have systematically analyzed noise
effects in sinusoidal-based EIS, equivalent investigations for pulse-based approaches are sparse. As a
result, the robustness of pulse excitation under realistic measurement conditions remains insufficiently
understood.

Another important gap concerns the systematic selection of pulse design parameters, including
sampling frequency, pulse duration, and relaxation period, which directly determine the spectral
content and resolution of the resulting impedance. Existing works on step or pulse excitations [24–26]
demonstrate feasibility but provide little methodological guidance on parameter tuning for accurate
and reliable impedance estimation across the full frequency range. In particular, the low-frequency
region suffers from limited resolution, and improper choice of excitation parameters can further
compromise accuracy.

Moreover, while alternative signal processing methods such as wavelet transforms [28–30] and
generalized excitation signal comparisons [31] have been explored, there is still no unified framework
linking pulse signal design, noise robustness, and impedance estimation accuracy.

By systematically analyzing the interplay of noise, excitation parameters, and spectral resolution,
this work aims to establish clear methodological guidelines for pulse-based impedance estimation,
thereby enabling faster, more robust, and accurate characterization of batteries in real-world settings.

1.3. Contributions

The key contributions of this paper are outlined below

1. Statistical analysis of the noise characteristics: The first major contribution of this work is the
analytical derivation of the statistical property, i.e., the mean of the Fourier-transformed voltage
noise, current noise, and resulting impedance noise. This paper mathematically shows that
the voltage and current measurement noises retain their zero-mean property in the frequency
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domain. This property enables effective noise reduction in the raw impedance estimates through
averaging, leading to a significant improvement in the accuracy of the impedance spectrum.

2. Zero-padding approach to improve resolution: The impedance spectrum derived from the proposed
rectangular pulse excitation exhibits a non-uniform distribution of impedance estimates across
the frequency range. There is a higher concentration of estimates in the high-frequency region
and fewer in the low-frequency region. To enhance the resolution in the low-frequency domain, a
zero-padding technique is introduced.

3. Log-scaled frequency clustering for improved spectral representation: To address the imbalance in the
number of measurements across different frequencies, a log-scale clustering strategy is proposed.
By grouping impedance values into logarithmically spaced frequency bins and averaging within
each bin, a more uniform and noise-reduced spectral representation is obtained across the
frequency ranges.

4. Time-constant informed rectangular pulse design for accurate characterization: This paper also in-
troduces a systematic method for designing rectangular pulse excitation signals, based on the
knowledge of the approximate time constants of the system. It offers practical recommendations
for selecting the sampling interval, pulse width, and zero-current duration, with the goal of
reducing the experimental time, enhancing low-frequency spectral resolution, and improving the
SNR.

1.4. Organization of the Paper

The remainder of this paper is organized in the following sections : Section 2 introduces the
rectangular pulse excitation signal and its transformation in the frequency domain using Fourier
transform. Statistical analysis of the impedance noise is performed in Section 3. Section 4 discusses
the design of the excitation signal for improved SNR. Simulation analyses are provided in Section 5,
whereas the experimental procedures and results are detailed in Section 6. The paper is concluded in
Section 7.

2. Rectangular Pulse Excitation Signal
This section discusses the characterization of the electrochemical impedance behaviour of Li-ion

batteries using a rectangular pulse excitation signal. Figure 1 shows a rectangular excitation current
signal (in blue) and typical battery response (in red).

0 T
on

T
total

-a

0 0

Figure 1. Current excitation & voltage response
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The equivalent circuit model (ECM) of the battery is shown in Figure 2, which consists of (i) a
voltage source in open-circuit condition, E[k], (ii) ohmic resistance, R0, and (iii) two RC circuits with
RC-pairs (R1, C1), and (R2, C2) and (iv) Warburg impedance at very low frequencies.

−
+

E[k]

R0 R1

+−
C1

R2 + −
ZW

+−
C2

i[k]

+

−

v[k]

Focus of this paper

Figure 2. Equivalent circuit model of the battery with highlighted components

The voltage response, v[k] of the battery corresponding to the input i[k], is depicted in red in
Figure 1.

The impedance response, Z(jω), for a given frequency, ω = 2π f , is determined as

Z(jω) =
V(jω)

I(jω)
(1)

where V(jω) and I(jω) are the frequency transforms of v[k], and i[k] respectively, obtained by Fourier
transform. For further details on battery modeling and EIS theory, refer to [32]. Figure 3 shows the
typical impedance response of a battery.

Figure 3. Typical Nyquist plot of a battery
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i[k]

0 K − 1 N − 1 kts

Figure 4. Discrete rectangular pulse excitation signal

The rectangular pulse excitation signal shown in Figure 1 can be discretized by sampling at
intervals of ‘ts’ seconds. Let ‘K’ denote the number of samples in the ‘ON’ duration of the pulse,
i.e., K = Ton

ts
, and the total number of samples in the signal be denoted as N = Ttotal

ts
. The discrete

rectangular pulse signal, i[kts], shown in Figure 4, is defined as

i[kts] =

−a, k = 0, 1, 2, ....(K − 1)

0, k = K, K + 1, ....(N − 1)
(2)

For DFT, the continuous frequency ‘ω’ of the transform is discretised to ‘N’ frequency bins as

ωm =

(
2π fs

N

)
m, m = 0, 1, ....N − 1 (3)

where fs = 1
ts

is the sampling frequency, and ∆ f = fs
N is the frequency resolution of the transform,

which denotes the spacing between frequency bins in the DFT.
The DFT of the current signal, i[k], which is a vector of i[kts] values, is given by,

I(ωm) =
N−1

∑
k=0

i[kts]e
−jm

(
2π fs

N

)
kts , m = 0, 1, ....N − 1 (4)

=
N−1

∑
k=0

i[kts]e−jm( 2π
N )k, m = 0, 1, ....N − 1 (5)

Refer to Appendix A for the details of this transformation, which can be written as I(ω0) = −aK, for
m = 0, and

I(ωm) = −ae−jm π
N (K−1)

(
sin(mKπ

N )

sin(mπ
N )

)
, m = 1, ....N − 1 (6)

The DFT of the response, v[k], is given by,

V(ωm) =
N−1

∑
k=0

v[kts]e−jm( 2π
N )k, m = 0, 1, ....N − 1 (7)

3. Mean and Variance of the Impedance Noise
This section presents a statistical analysis of impedance noise.

3.1. Mean of the Impedance Noise

Let us denote the measured voltage from the battery in vector format as

zv = v + nv (8)
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where v is the true voltage signal and nv is the voltage noise vector.
The DFT of the measured voltage, zv, can be written as

žv = Fzv = F(v + nv) = v̌ + ňv (9)

where F ∈ CN×N is the unitary DFT matrix given by

Fm,k = e−jm 2π
N k, m, k = 0, . . . , N−1, (10)

and, v̌ ∈ CN×1 and ňv ∈ CN×1 are given by

v̌ = Fv, (DFT of the true voltage signal)

ňv = Fnv, (DFT of the voltage noise)
(11)

Similarly, the DFT of the input current zi can be written as

ži = Fzi = F(i + ni) = ǐ + ňi (12)

where ǐ ∈ CN×1 and ňi ∈ CN×1 are given by

ǐ = Fi, (DFT of the true current signal)

ňi = Fni, (DFT of the current noise)
(13)

See Appendix B for details on how the zero-mean property of voltage and current noise is preserved
in the frequency domain.

Let us now consider the impedance at the mth frequency bin

Z(m) =
ofmzv

ofmzi
=

ofmv + ofmnv

ofmi + ofmni
=

aTzv

aTzi
=

aTv + aTnv

aTi + aTni
(14)

where ofm is the mth row of F which is denoted for simplicity as

aT = ofm (15)

By recognizing that a ∈ CN×1, let us decompose it into its real and complex parts as

a = ar + jai (16)

Now, Z(m) can be written as

Z(m) =
(ar + jai)

Tv + (ar + jai)
Tnv

(ar + jai)Ti + (ar + jai)Tni
(17)

=
(aT

r v + aT
r nv) + j(aT

i v + aT
i nv)

(aT
r i + aT

r ni) + j(aT
i i + aT

i ni)
(18)

= Zr(m) + jZi(m) (19)

where Zr(m) and Zi(m) are the real and imaginary parts, respectively, of the impedance. This can be
further written according to the signal and noise portions as follows

Zr(m) = Sr(m) + Nr(m) (20)

Zi(m) = Si(m) + Ni(m) (21)
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where

Sr(m) =
(aT

r v)(aT
r i) + (aT

i v)(aT
i i)

(aT
r i + aT

r ni)2 + (aT
i i + aT

i ni)2

Si(m) =
(aT

r i)(aT
i v)− (aT

r v)(aT
i i)

(aT
r i + aT

r ni)2 + (aT
i i + aT

i ni)2

(22)

and Nr(m), Ni(m) are given below.

Nr(m) =
(aT

r v)(aT
r ni) + (aT

r nv)(aT
r i) + (aT

r nv)(aT
r ni)

(aT
r i + aT

r ni)2 + (aT
i i + aT

i ni)2

+
(aT

i v)(aT
i ni) + (aT

i nv)(aT
i i) + (aT

i nv)(aT
i ni)

(aT
r i + aT

r ni)2 + (aT
i i + aT

i ni)2

Ni(m) =
(aT

i v)(aT
r ni) + (aT

i nv)(aT
r i) + (aT

i nv)(aT
r ni)

(aT
r i + aT

r ni)2 + (aT
i i + aT

i ni)2

− (aT
r v)(aT

i ni) + (aT
r nv)(aT

i i) + (aT
r nv)(aT

i ni)

(aT
r i + aT

r ni)2 + (aT
i i + aT

i ni)2

It can be verified that

E[Nr(m)] = 0, E[Ni(m)] = 0 (23)

4. Excitation Signal Design for Improved SNR
4.1. Selection of Sampling Time, ts

The sampling time should be chosen to accurately capture the system dynamics associated with
the smallest time constant [33]. As a rule of thumb, it should be less than one-tenth of the system’s
minimum time constant, i.e.,

ts ≤
τmin
10

(24)

where for the ECM shown in Figure 2, the system’s minimum time constant is determined by the
smallest RC product, i.e.,

τmin = min(R1C1, R2C2) (25)

Remark 1. There is a trade-off in selecting the sampling time ts.

1. Smaller ts: The advantage of smaller ts is that, the high-frequency response of the battery is accurately
captured. However, choosing a very small ts can be challenging to implement in practice.

2. Larger ts: Larger ts reduces the volume of collected data, lowering the computational load. However, it
limits the ability to capture high-frequency impedance features and introduces the risk of aliasing if fast
dynamics are present.

4.2. Selection of Ton

This section discusses how the minimum Ton for the pulse design is determined based on the
zero-crossings in the frequency spectrum. The DFT of the current excitation signal is given in (A5). To
determine the points ‘m’ where this signal crosses zero, i.e., to find the zero-crossings, we set

I(ωm) = 0 (26)

which is

−ae−jm π
N (K−1)

(
sin(mKπ

N )

sin(mπ
N )

)
= 0 (27)
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The zero-crossings occur when,

sin
(

mKπ

N

)
= 0 (28)

This means that,

mKπ

N
= pπ (29)

where p is an integer. Then,

m = p
N
K

= p
1
D

(30)

where D = K/N is the duty-cycle of the pulse. This implies that the zero-crossings of the excitation
signal’s spectrum occur at integer multiples of N

K , or equivalently, at integer multiples of 1
D . The total

number of zero-crossings, Nz, within N
2 frequency bins – equivalent to fs

2 – is

Nz =
N
2
1
D

=
K
2

(31)

The lowest Ton corresponds to a rectangular pulse whose total number of zero-crossings, Nz,
is minimized. In this design, the main lobe of the spectrum will exclusively span all frequencies of
interest up to the system’s maximum frequency, corresponding to fs

2 . This requires that the first and
only zero-crossing of the spectrum occurs at

m =
1
D

(32)

In terms of frequency, (32) translates to 1
D

(
fs
N

)
, which crosses zero at fs

2 , i.e.,

1
D

(
fs

N

)
=

fs

2
(33)

Solving this yields,

K = 2 i.e., (34)

Ton = 2ts (35)

Based on the criteria for sampling time in (24), the criteria for minimum Ton in (35) can be written as,

(Ton)min =
τmin

5
(36)

Thus, Ton for the pulse design can be chosen as

Ton ≥ τmin
5

(37)

Remark 2. There is a trade-off in selecting the pulse duration Ton.

1. Smaller Ton: The advantage of smaller Ton is that it reduces the number of zero-crossings in the excitation
spectrum. Smaller Ton ensures that the amplitudes of the main and side lobes remain relatively close, which
means that the excitation amplitude stays nearly constant across all frequencies. Another advantage of
smaller Ton is that it reduces the total experiment time. Finally, smaller Ton reduces the effect to the OCV
during the experiment thereby ensuring that the battery’s operating condition is not significantly altered
during the experiment.
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2. Larger Ton: Larger Ton leads to a significantly larger main lobe amplitude in the excitation spectrum.
Since zero-crossings occur at integer multiples of 1/D, a higher duty cycle results in a narrower main
lobe, concentrating more energy at low frequencies. This characteristic is particularly advantageous for
accurately estimating the low-frequency resistance of the battery.

4.3. Selection of To f f

With Ton set, the zero-current duration of the excitation signal, To f f , can be chosen to be atleast
ten times the system’s largest time constant, i.e.,

To f f ≥ 10τmax (38)

which provides sufficient time for the dynamics of the system to settle. The total duration of the
excitation signal, Ttotal is given by

Ttotal = Ton + To f f (39)

where Ton and To f f are determined based on the system’s time constants.

4.4. Zero-Padding

In [34], Ttotal was chosen to achieve a desired frequency resolution for the DFT. In this paper,
its selection is refined based on the knowledge of the system’s time constants. To further improve
low-frequency resolution, zero-padding is applied by appending zeros to the time-domain signal
prior to the DFT, increasing the number of frequency bins and reducing their spacing. This enhances
low-frequency detail in the impedance spectrum without increasing the actual experiment duration.

5. Simulation Analysis
This section presents the analysis of pulse-based EIS through simulations conducted in MATLAB.

In this paper, it is assumed that E[k] = 0 to eliminate any bias effects caused by the OCV. The following
parameters of the ECM are used in the simulations : R0 = 0.5Ω, R1 = 0.6Ω, C1 = 5F, R2 = 0.7Ω,
C2 = 0.05F, and diffusion effects are assumed to be zero. The impedance, Z(jω), for the ECM depicted
in Figure 2 is theoretically expressed as

Z(j2π f ) = R0 +
R1

1 + j(2π f )R1C1
+

R2

1 + j(2π f )R2C2
(40)

Figure 5(a) shows the theoretical impedance spectrum i.e., the magnitude of impedance versus fre-
quency for a range of frequencies between 0 Hz and 1000 Hz. When the frequency is zero, the
impedance of the circuit is the sum of resistances, R0 + R1 + R2 = 1.8Ω. Theoretically, at infinite
frequency, the impedance of the circuit is its ohmic resistance, R0 = 0.5Ω.
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(b) Nyquist Plot

Figure 5. Frequency response of the RC-circuit

The section of the plot in Figure 5(b) between markers ∆ and ∇ indicates the low frequency
impedance response. It can be determined from Figure 5(a) that, the corresponding low frequency
range varies between 0 Hz and ≈ 0.6 Hz. The section of the plot in Figure 5(b) between ∇ and + is the
high frequency response of the circuit, with frequencies ranging from 0.6 Hz to 500 Hz.

The following demonstrations illustrate the effects of varying ts and Ton, applying zero-padding,
and changing the SNR levels on the Nyquist response.

5.1. Effect of Sampling Time

The impact of varying the sampling times, ts, on the Nyquist plot is analysed through simulations,
and the results are shown in Figure 6. For each value of ts, the pulse width, Ton is set to 2ts according
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to (35), while the rest period, To f f is held constant at 40 seconds, chosen according to (38), where,
10τmax = 30 seconds. As ts increases, the sampling frequency decreases, thereby limiting the maximum
frequency captured to fs/2, which narrows the observable frequency range.

0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

Figure 6. Nyquist response for varying ts values

The mean-square error (MSE) in the simulated Nyquist plot for Nruns of Monte-carlo simulations
is defined as

MSE =
1

Nruns

Nruns

∑
r=1

MSEr (41)

where,

MSEr =
1
N

N−1

∑
m=0

|Zs(m)− Zt(m)|2 (42)

MSEr is the MSE for each run r, Zs(m) is the simulated Nyquist plot and Zt(m) is the theoretical
Nyquist plot.

The absolute relative percentage error in R0 is defined as

ARPE =

∣∣∣∣ R̂0 − R0

R0

∣∣∣∣ ∗ 100% (43)

where R̂0 is the observed high-frequency resistance from the Nyquist plot, and R0 is its true value.
MSE (defined in (41)) and ARPE in R0 (defined in (43)) for varying ts values are shown in Figures

7(a) & (b) respectively.
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Figure 7. Error metrics for varying ts values

5.2. Effect of Ton

The influence of different Ton values on the Nyquist plot is depicted in Figures 8 and 9. Pulse
parameters were fixed at ts = 0.001 seconds, and To f f = 40 seconds for this analysis. The excitation
and response signal spectra are shown in Figures 8(a) and 8(b), respectively. As Ton increases, the
number of zero-crossings in the signals also increases.
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Figure 8. Excitation & response spectra for varying Ton values

Figure 9 illustrates the corresponding Nyquist plot for varying Ton values. Although variations
are apparent in the excitation and response spectra, the Nyquist plot remains largely unchanged across
the Ton values considered. This lack of observable difference in the impedance results is attributed to
the absence of noise in the analysis.
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5.3. Effect of Zero-Padding

Figures 10(a) & (b) illustrate the impact of zero-padding the time-domain signal on the Nyquist
plot. Figure 10(b) illustrates two cases of zero-padding, where zeros are appended to the original signal
at lengths of 20 times and 10 times the original signal, respectively. It can be seen that, zero-padding
increases the number of frequency bins, thereby improving frequency resolution, especially in the
lower frequency range. In this analysis, pulse parameters were maintained at ts = 0.001 seconds, Ton =
2ts, and To f f = 40 seconds.
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Figure 10. Effects of zero-padding on the Nyquist plot

5.4. Effect of SNR

This section analyzes the impact of varying SNR on the Nyquist plot. The results incorporate
the proposed logarithmic frequency clustering and averaging approach, along with zero-padding to
enhance frequency resolution.
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The following summarizes the frequency clustering and the averaging method: Firstly, the
uniformly spaced frequency points are grouped into logarithmically spaced bins, consistent with the
frequency scales typically used in traditional EIS techniques. Within each bin, the noisy impedance
measurements are averaged, resulting in a smoother impedance spectrum. Averaging on a logarithmic
frequency scale reduces the effective number of measurements.

In this paper, we define the signal to noise ratio (SNR) of the excitation signal (current) as

SNRe = 20 log
(

I0

σi

)
(44)

where I0 is the amplitude of the AC current excitation signal (or the amplitude of the step current
pulse depending on the context) and σi is the standard deviation of the uncertainty in I0. The SNR of
the measured battery voltage response varies depending on the SOC of the battery and its internal
impedance. For simplicity, the SNR of the measured response is expressed as

SNRm = 20 log
(

1
σv

)
(45)

where σv is the standard deviation of the voltage measurement noise. Figures 11(a) and 11 (b) present
two error metrics, MSE (defined in (41)), and ARPE in R0 (defined in (43)) across varying Ton values.
For this analysis,the SNR of the voltage measurement is varied between 45 dB and 60 dB, while
the current measurement is maintained at a constant SNR of 60 dB. Pulse parameters were fixed at
ts = 0.001 seconds, and To f f = 40 seconds.
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Figure 11. Error metrics with varying Ton

It can be observed that when Ton is approximately equal to the minimum time constant, i.e.,
Ton ≈ τmin, both the MSE and absolute percentage error reach a plateau.

6. Experimental Results
This section discusses the results of experiments performed on a designed 1-RC circuit whose

parameters are known.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2025 doi:10.20944/preprints202509.2101.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.2101.v1
http://creativecommons.org/licenses/by/4.0/


17 of 23

6.1. Pulse-EIS on the 1-RC Circuit

Figure 12 illustrates the designed 1-RC circuit connected to the Arbin battery cycler (LBT21084,
Arbin Instruments, USA)., used to conduct experiments and collect data. The Arbin tester has 16
independently controlled channels, each with a voltage range of 0-5V and a current range of ±10A.

The only time constant of the system is, τmin = τmax = 0.1 seconds. The parameters of the
excitation signal were determined considering the system’s time constant and the recommendations
outlined in the earlier discussion., i.e.,

ts ≤
1
10

τmin ≤ 0.01 = 0.005 seconds (46)

Ton = τmin = 0.1 seconds (47)

To f f ≥ 10τmax ≥ 1 second (48)

where To f f is chosen as ≈ 1.9 seconds and Ttotal = 2 seconds.

R0

500Ω

R1

1000Ω

100µF

+−
C1

i[k] +

−

v[k]
Arbin

Figure 12. 1-RC experimental setup

Figure 13 shows the excitation current signal (in blue) of amplitude ≈ 5 mA applied to the 1-RC
circuit for an ON duration 0.1 seconds, with a total duration of 2 seconds, and its voltage response (in
red).

Figures 14(a) & (b) show the spectra of the excitation signal and voltage response obtained through
the FFT.
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Figure 14. Excitation and response spectra

Using the proposed pulse signal, Figure 15(a) shows the obtained raw impedance data, and Figure
15(b) shows the zero-padded and log-cluster averaged impedance spectrum.
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Figure 13. V-I data from the 1-RC circuit
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Figure 15. Pulse-EIS for the 1-RC circuit

Figure 16 shows the pulse-EIS in comparison to the state-of-the-art EIS using sinusoidal signals,
and the theoretical plot. The state-of-the-art EIS response is obtained using the Gamry interface 5000P,
by exciting the RC circuit using sinusoidal signals of frequencies 0.01Hz to 100 Hz.
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Figure 16. Comparison of the Nyquist plots

7. Conclusion
The key findings of the paper are summarized below,

1. There is a rule of thumb to selecting the sampling time: The sampling time, ts, should be chosen to be
less than atleast one-tenth of the system’s minimum time constant i.e., ts ≤ 1

10 τmin.
2. There is a rule of thumb for the excitation pulse design: The pulse excitation signal comprises a

non-zero portion lasting Ton and a zero portion lasting To f f . A general rule of thumb for selecting
these durations is to set Ton approximately equal to the minimum time constant, i.e., Ton ≈ τmin

of the system, and To f f approximately ten times the maximum time constant, i.e., To f f ≥ 10τmax.
3. Noise can be reduced through averaging: This paper demonstrated that the measurement noise in

both voltage and current signals retains its zero-mean property after applying the discrete Fourier
transform, enabling effective noise reduction through averaging.

4. Zero-padding improves resolution: When a pulse excitation signal is used, the resulting responses
are unevenly distributed across the frequency domain, with a higher concentration appearing in
the high-frequency region. To improve resolution in the low-frequency range, zero-padding is
applied. While zero-padding also increases resolution in the high-frequency region, responses
from closely spaced frequencies can be grouped and averaged to reduce noise. This approach
leads to a more balanced spectral distribution.
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Appendix A. DFT of Excitation Signal
For the signal defined in (2), the DFT is,

I(ωm) =
K−1

∑
k=0

−ae−jm( 2π
N )k, m = 0, 1, ....N − 1 (A1)

Denote b = m 2π
N , and by the sum of geometric progression, (A1) is

I(ωm) = −a

(
(e−jb)K − 1

e−jb − 1

)
(A2)

= −a
(e−jb)K/2

e−jb/2

(
(e−jb)K/2 − (ejb)K/2

e−jb/2 − ejb/2

)
(A3)

= −ae−j b
2 (K−1) sin(bK/2)

sin(b/2)
(A4)

= −ae−jm π
N (K−1)

(
sin(mKπ

N )

sin(mπ
N )

)
, m = 1, ....N − 1 (A5)

For m = 0, I(ω0) = −aK

Appendix B. Mean of the Transformed Voltage and Current Noise
The DFT of the voltage noise is shown in (11). Considering voltage noise at the mth frequency bin

to be denoted by Nv(m), we have

Nv(m) = aTnv = aT
r nv + jaT

i nv (A6)

= Nvr(m) + jNvi(m) (A7)

The mean of the transformed voltage noise, given nv is assumed to be zero-mean noise, is

E[Nvr(m)] = E[aT
r nv] = 0 (A8)

E[Nvi(m)] = E[aT
i nv] = 0 (A9)

Similarly, it can be shown that the zero-mean property is preserved in the transformed current noise.
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