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Level-crossing downsampling for quantization error
reduction in sine wave estimation
D.J. De Beer, Member, IEEE, and T-H. Joubert, Senior Member, IEEE

Abstract—This work introduces a digital post-processing
algorithm—level-crossing downsampling (LC-DS)—for estimat-
ing sine-wave parameters from sequences of quantized values
acquired by standard ADCs. LC-DS emulates level-crossing
sampling by retaining only transition points, reducing correlated
quantization error and accelerating least-squares regression.
Its performance is benchmarked against uniform least-squares
regression and calibrated sinefit to highlight accuracy and
computational trade-offs. Across a wide dynamic range, LC-DS
consistently outperforms uniform sampling and approaches the
accuracy of calibrated sinefit for low-level signals, while remain-
ing up to two orders of magnitude faster for large datasets. Unlike
conventional methods, LC-DS scales efficiently with data size,
enabling real-time estimation without hardware modifications.
Practical and simulated experiments, including electrochemical
impedance spectroscopy, confirm robustness under conditions
such as signal saturation. These results position LC-DS as
a compelling alternative for applications requiring both high
precision and computational efficiency.

Index Terms—real-time signal processing, sine wave estimation,
quantization, least squares regression, electrochemical impedance
spectroscopy

I. INTRODUCTION

Many sensor applications rely on accurately measuring
the parameters of a sine wave. These applications include
three-dimensional (3D) mapping [1, 2], device testing [3, 4],
light detection and ranging (LiDAR) [5], localization [6],
vibration control [7], frequency estimation [8], organ anal-
ysis [9, 10], rotational speed measurements [11], Planck-
balance measurement [12], and electrochemical impedance
spectroscopy (EIS) [13–17]. This work primarily develops for
EIS, and therefore, its results are discussed within the context
of EIS. Standard EIS systems typically construct an impedance
spectrum by discretely stepping through a range of single
frequencies, measuring the impedance at each step individ-
ually. This makes EIS particularly useful for quantifying the
performance of single sine wave estimation approaches due
to the large dynamic range and wide frequency ranges of the
estimated sine waves. Consequently, performance observed in
specific EIS examples can be extrapolated to other applications
sharing similar signal sizes and frequencies.

To estimate these parameters, the analog signal must first
be captured digitally. This is achieved through an analog-to-
digital converter (ADC) that converts the analog signal to
a digital representation, which can then be manipulated by
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digital signal processing systems [18]. The most common
family of ADCs is reference-based ADCs, where the digital
output is latched to the nearest ADC reference level each time
the ADC is clocked [19]. Quantization error is inherent to this
process. This type of noise results from the finite resolution of
the ADC, which can only represent the signal with a limited
number of discrete levels [20, 21]. For a sine wave, a portion of
the quantization error can become correlated with the signal,
preventing it from averaging to zero regardless of the number
of samples [22]. This leads to errors in parameter estimation,
which is critical in precision applications such as EIS.

Once the signal is digitized, the challenge lies in accu-
rately extracting the sine wave parameters despite this er-
ror. Sine wave estimation is broadly categorized into three-
parameter (amplitude, phase, offset) and four-parameter es-
timation (adding frequency) [23]. While three-parameter es-
timation offers closed-form linear solutions for computa-
tional speed, four-parameter estimation is often preferred,
even when frequency is nominally known, to account for
potential mismatches between the apparent and true signal
frequency [4, 23]. However, standard algorithmic approaches
struggle to handle correlated quantization noise. The discrete
Fourier transform (DFT) is the most commonly employed
method for sine wave parameter estimation, but this method
can have estimation errors due to spectral leakage. A more
robust alternative is least squares regression (LSR) [22–24],
but it does not inherently remove correlated quantization error.

To overcome these limitations, more recent work has
introduced calibration-based estimators which can achieve
near noise-floor accuracy. Most notably, the calibrated sinefit
method [25, 26] uses a special cost function, along with
computationally intensive iterative optimization. An alternative
hardware-based approach, the level-crossing ADC (LC-ADC),
has also shown promise but faces limitations in complexity
and implementation cost. This leaves a critical gap for a
method that can eliminate quantization error without needing
calibration or specialized hardware.

This paper introduces a digital post-processing algorithm—
level-crossing downsampling (LC-DS)—that fills this gap by
emulating level-crossing sampling using data from reference-
based ADCs. By algorithmically retaining only the points
where the signal transitions between ADC levels, LC-DS
simultaneously reduces correlated quantization error and ac-
celerates the computation of the least-squares regression. The
performance of LC-DS is benchmarked against both the tra-
ditional uniform LSR and the state-of-the-art calibrated sinefit
method [25]. Physical measurements demonstrate the real-
world functionality of the LC-DS method and simulations are
used to explore a wider sample space. The results demonstrate
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that LC-DS approaches near noise-floor accuracy for small
signals while being up to two orders of magnitude faster for
large datasets, establishing it as a compelling choice for real-
time applications.

II. FUNDAMENTALS OF SINE WAVE MEASUREMENT AND
SAMPLING

A sine wave is fully described by

A sin(2πft+ θ) + C, (1)

where t is time and the other four variables are the parameters
of a sine wave, namely amplitude (A), frequency (f ), phase
(θ), and constant offset (C).

A. Sine Wave Parameter Estimation Algorithms

Once a sine wave has been digitized, its parameters can be
estimated using various algorithms. Spectral analysis via the
DFT is the standard approach, while LSR serves as a common
parametric alternative that relaxes synchronization require-
ments [22]. For achieving the highest accuracy, calibration-
based estimators, such as the calibrated sinefit method [25, 26],
have been introduced. This paper benchmarks the proposed
method against uniform sampling with DFT/LSR, representing
the standard robust approach, and calibrated sinefit, represent-
ing the state-of-the-art in accuracy.

1) Discrete Fourier Transform (DFT): The DFT is the most
established method for spectral analysis and is commonly used
in EIS to extract the amplitude and phase of the response
signal. It operates by correlating the input signal with reference
sine and cosine waves at fixed frequency bins.

If the signal frequency is not perfectly synchronized with
one of these fixed bins, the DFT suffers from spectral leak-
age, where signal energy disperses into adjacent frequency
bins, degrading accuracy. This can be mitigated by applying
windowing functions at the cost of additional computational
complexity [27].

2) Least-Squares Regression (LSR): LSR fits a sinusoidal
model to sampled data by minimizing the sum of squared
differences between observed and predicted values. Unlike
the DFT, sampled data can be modeled using sine waves
of arbitrary frequency; thus, LSR does not require coherent
sampling (where the signal frequency is perfectly periodic over
the sample record). Notably, in the coherent case, LSR and the
DFT yield identical estimates [4]. A distinct advantage of LSR
is its immunity to spectral leakage, rendering it superior to the
DFT in many applications [24, 28].

Computationally, four-parameter LSR requires iterative
methods, which can be slow. Conversely, if the frequency is
known, the three-parameter problem becomes linear, allow-
ing a closed-form solution that significantly improves com-
putational efficiency. The closed-form three-parameter LSR
solution remains attractive for real-time applications when
frequency is known, but its accuracy is fundamentally limited
by quantization artifacts in uniform sampling. This motivates
alternative strategies that either modify the estimator (e.g.,
calibrated sinefit) or modify the data itself (e.g., the LC-DS
approach proposed in this paper).

To derive the closed-form solution, we can rewrite (1) in
a linear form. Using the trigonometric sum identity, we can
express the sine wave as:

Q sin(2πft) + I cos(2πft) + C. (2)

The relation between Q and I and the original amplitude and
phase is given by A =

√
Q2 + I2 and θ = arctan

(
I
Q

)
. This

transformation makes the problem linear with respect to the
parameters Q, I , and C.

Given N sampled data points (tk, yk), one can construct a
linear system

y = Xβ + ϵ, (3)

where:
• y is the observation vector

[
y1 . . . yN

]T
,

• β is the parameter vector
[
Q I C

]T
that is estimated,

• X is the N × 3 design matrix with rows of the form[
sin(2πftk) cos(2πftk) 1

]
, and

• ϵ is the residual error vector.
The least squares solution for β minimizes the sum of squared
errors. The closed-form solution is then:

β = (XTX)−1XTy (4)

This allows a direct calculation of Q, I , and C from the
sampled data, provided the matrix (XTX) is invertible.

3) Calibrated Sinefit: The calibrated sinefit method
achieves near noise-floor accuracy by directly addressing
quantization error [25]. Unlike classical methods that operate
on the quantized output values, this technique uses knowledge
of the ADC’s transition levels. These levels can be determined
beforehand through a precise calibration procedure or simply
assumed to be ideal for a given ADC resolution. The algorithm
then iteratively adjusts the sine wave parameters (A, θ, C) to
find the curve that best fits the observed sequence of ADC
output codes, consistent with the known or assumed transition
levels. While this method can effectively eliminate quantiza-
tion bias and approaches the noise floor, its computationally
intensive iterative optimization still limits its use in real-time
or low-cost systems where such overhead is impractical.

B. Sampling Considerations for Accurate Measurement

The process of analog-to-digital conversion and the charac-
teristics of the sampled data profoundly impact the accuracy
and reliability of subsequent sine wave parameter estimation.
Key considerations include the record length, N , the ratio
between the signal frequency, fi, and the sampling frequency,
fs, and the inherent noise introduced during sampling.

IEEE Std 1241-2010 [4] provides guidelines for ADC
testing that are also applicable to optimizing sampling for
accurate sine wave estimation [29]. It recommends choosing
fi such that N uniformly distributed phases are sampled,
typically by setting

fi =

(
J

N

)
fs, (5)

where J is an integer that is relatively prime to N (i.e.,
their greatest common divisor is one). This approach ensures
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coherent sampling, where exactly J cycles of the sine wave are
captured within the record N , which helps minimize spectral
leakage and improve estimation accuracy.

1) Quantization Error as a Sampling Artifact: Quantization
error is treated here as a dominant source of estimation bias,
rather than as an ADC performance metric. Unlike uniform
sampling, LC-DS reduces this bias by converting time-based
samples into amplitude-based transition points, which decorre-
lates quantization error from the signal. This section sets the
stage for comparing LC-DS against uniform sampling with
DFT, LSR, and calibrated sinefit in terms of accuracy and
computational efficiency.

Quantization error is an unavoidable artifact introduced
during the analog-to-digital conversion process, arising from
the finite resolution of the ADC that maps continuous analog
signals to discrete digital values [20, 21]. The impact and
characteristics of this error within the sampled data depend
significantly on the sampling conditions, particularly whether
the sampling is coherent or incoherent.

In coherent sampling, where the data record contains an
integer number of sine wave cycles, the periodicity of the
signal within the observation window helps to distribute
the quantization error more uniformly across the frequency
spectrum. If the number of cycles, J , is co-prime with the
record length, N , this minimizes impact of quantization error
on estimated parameters [4]. Conversely, if J and N share
common factors, the effective number of unique samples is
reduced. Therefore, coherent sampling does not necessarily
lead to N unique samples over a record length of N , which
can compound quantization error and lead to less accurate
estimates. When implemented correctly, coherent sampling en-
ables more accurate parameter estimation due to the alignment
of the signal period with discrete sampling intervals, reducing
aliasing and spectral leakage.

In contrast, incoherent sampling occurs when the data record
does not contain an integer number of sine wave cycles. This
lack of periodicity leads to spectral leakage, where the signal’s
energy spreads into adjacent frequency bins, complicating
the estimation process. While the non-uniform distribution of
quantization error in incoherent sampling can sometimes yield
better sine wave estimates than non-co-prime coherent sam-
pling, it generally results in less accurate parameter estimates
compared to properly executed co-prime coherent sampling.

In practical EIS systems, where the signal source and
sampling subsystem are tied to the same master clock, co-
herent sampling can easily be forced. However, the signal
source (typically a direct digital synthesizer) has a much finer
frequency resolution than a typical low-cost ADC. Enforcing
strict coherence can therefore result in only a subset of all
direct digital synthesizer frequencies being used. Accurate
estimation in incoherent cases can therefore enable higher
frequency resolution in low-cost systems.

Ultimately, quantization error will always be present in
sampled data when the combination of a sine wave amplitude,
offset, and phase does not align precisely such that all quan-
tization error averages to zero. While a theoretical case exists
where ideal parameters could lead to zero quantization error,
this is rare in practice. In typical applications, such perfect

alignment is absent, leading to significant quantization error
manifesting in the measurement, which can adversely affect
the accuracy of sine wave parameter estimation. Addressing
this sampling-induced quantization error is therefore critical
for improving measurement accuracy [22].

III. PROPOSED LEVEL-CROSSING DOWNSAMPLING
PROCESSING

While hardware-level solutions such as level-crossing ADCs
exist [19, 30], they require specialized hardware and com-
plex reconstruction. The proposed level-crossing downsam-
pling (LC-DS) algorithm emulates these benefits in software
using uniformly sampled data, enabling similar accuracy im-
provements without hardware changes or calibration. LC-DS
is founded on the principle of algorithmically transforming
digital data acquired from a reference-based ADC, making it
suitable for low-cost and real-time applications. This technique
effectively re-frames the challenge of correlated quantization
error, which is a consequence of the finite resolution of discrete
reference levels, into an issue of temporal accuracy. This
approach reduces estimation bias and accelerates least-squares
regression without requiring prior calibration or iterative opti-
mization.

The initial step of this process involves acquiring digital
signal data from a reference-based ADC. An output is subse-
quently generated at each instance where two adjacent ADC
samples differ. To preserve the essential time and frequency
information required for accurate sine wave parameter estima-
tion, the precise time (or sample index) at which this change
occurred must also be captured. The procedure is outlined
below.

Let the input sequence of uniformly sampled ADC data
be denoted as y, with length N , and its elements as yi for
i ∈ {0, 1, . . . , N − 1}. The corresponding sequence of sample
times is t, with elements ti.

y = {y0, y1, . . . , yN−1} (6)

t = {t0, t1, . . . , tN−1} (7)

When the analog input signal transitions between two ad-
jacent ADC quantization levels, say from yi−1 to yi (where
the values are not equal), the proposed method generates a
new downsampled data point. This new point is assigned the
midpoint value between the two sampled ADC levels.

The critical aspect of this method lies in the accuracy of
the amplitude assigned to this midpoint value. Based on the
intermediate value theorem (IVT), if a continuous function
(like a sine wave) takes on two values yi−1 and yi at times
ti−1 and ti, respectively, then it must take on every value
between yi−1 and yi at some time between ti−1 and ti [31].

Crucially, for a sufficiently high sampling rate, the segment
of the sine wave between two consecutive samples can be
approximated as linear. Under this linear assumption, the true
analog signal value at the effective midpoint time between ti−1

and ti is very closely approximated by the midpoint amplitude.
This selection of the midpoint amplitude, rather than either of
the quantized levels, significantly enhances the accuracy of the
sampled amplitude point while reducing the number of points.
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The time associated with this midpoint value is assigned as
the midpoint of the original sample times. This leads to a
new sequence of times, t′, that consists of subsamples of t but
shifted by an index offset of −0.5. While the precise alignment
of the output index by half a step (e.g., i−0.5 for unit-spaced
indices) reflects the interpolated nature of this new data point,
this exact time shift is not strictly algorithmically necessary
for the core downsampling function.

This procedure generates new amplitude and time data
points for each instance where the input signal transitions
between ADC levels. For the k-th such transition occurring
between original sample indices i−1 and i, the new amplitude
and time points are defined as:

y′k =
yi + yi−1

2
, and (8)

t′k =
ti + ti−1

2
. (9)

This applies for all i ∈ {1, . . . , N − 1} where yi ̸= yi−1.
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Fig. 1. Input and output of the LC-DS procedure as well as the resultant
quantization error over 64 samples of a coherently sampled sine wave.

The LC-DS process is illustrated in Fig. 1, showing how
level-crossing downsampling transforms uniformly sampled
data into transition-based samples and reduces quantization
error. For uniform sampling, the quantization error of samples
immediately before and after a level transition tends toward
±0.5 LSB, corresponding to the threshold edges. As the sam-
pling rate increases, these two points become arbitrarily close
in time, while each error approaches its respective threshold
edge. Consequently, the midpoint between them converges to
the true signal value, effectively driving the estimation error
toward zero.

One can see from Fig. 1 that while the quantization error
is approximately linear around the sine wave edges, that is
not the case at the sine wave peak and trough. This leads to
a disproportionate amount of quantization error introduced in
this region of the data, that is correlated to the signal and does

not average to 0. The reduction in quantization error obtained
with the LC-DS technique, particularly through the precise
assignment of mid-level crossing times, is also visible.

Fig. 1 additionally shows how the quantization error mani-
fests as an amplitude estimation error. In this small example,
the estimated sine wave amplitude using LC-DS is 0.13%
while the error without this method is significantly larger at
5.54%. When the number of samples is increased from 64 to
512, the LC-DS estimate error improves to 0.02% while the
error without LC-DS becomes 5.30%.

Beyond the reduction in quantization error due to the nature
of the sampled points, the proposed method has additional
benefits. For slowly changing signals, such as a sine wave
that has been oversampled (or one that has been undersampled
such that it has a low apparent frequency [14]), LC-DS will
significantly reduce the number of samples in the dataset
without compromising the estimation accuracy. This will, in
turn, reduce the computational resources required to calculate
the LSR for sine wave parameter estimation.

Another important benefit of the LC-DS technique is its
innate ability to deal with ADC saturation. Saturation occurs
when the input signal amplitude into the ADC exceeds the
limits of the ADC. For such signals, the ADC will report a
maximum or minimum digital value depending on whether the
signal is saturating at the high or the low end of the range.
The entire saturated segment of the signal will be removed by
the downsampling algorithm and only the last change before
saturation, and the first change thereafter, will be preserved.
It was shown in [14] that saturation can improve the dynamic
range of ADCs for sine wave measurements. Thus, the LC-DS
algorithm enables this benefit without additional processing to
detect or remove saturation from a signal.

IV. RESULTS

This section benchmarks the performance of the proposed
LC-DS algorithm against uniform sampling with DFT/LSR
and the calibrated sinefit method. The evaluation uses a
combination of noiseless simulated data to isolate the effects
of quantization error and practical measurements from a low-
cost impedance analyzer to validate the simulation findings
under practical conditions. The parameters for the simulated
investigations are detailed in Table I. When the sampled data
is coherent and the DFT and LSR estimates are equivalent,
only one trace is shown on the graph to represent both results.

A. Accuracy, Data Reduction, and Computational Speed

The first investigation explores how estimation accuracy is
affected by the number of samples captured per period of the
sine wave. As shown in Fig. 2, the error for uniform DFT/LSR
approaches a limit, indicating its inability to overcome cor-
related quantization error even with more data. In contrast,
the estimation error for both LC-DS and the calibrated sinefit
method improves steadily as the number of samples increases.
Calibrated sinefit consistently provides the lowest error, with
LC-DS following a parallel trend approximately 20 dB higher
for this signal size. Fig. 2 additionally illustrates the source
of LC-DS’s computational efficiency: as the sampling rate
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TABLE I
MEASUREMENT PARAMETERS FOR SIMULATED DATA EXPERIMENTS.

Investigation Fig(s) Variable(s) Fixed parameter(s) Value(s) Number of points

Error & Computation
Time vs. Samples per

Period

Figs. 2
and 3

Array length — 128 to 32768 17

— Amplitude 55 ± 5 % of ADC range† 1
— Phase 0° to 360° 45*

— Offset −0.5 LSB to 0.5 LSB 45*

Error vs. Signal
Amplitude Fig. 4

Amplitude — 0.25 % to 500 % of ADC range 15

— Array length 4096 1
— Phase 0° to 360° 45*

— Offset −0.5 LSB to 0.5 LSB 45*

Error vs. Phase and Offset Fig. 5

Phase — 0° to 360° 45
Offset — −0.5 LSB to 0.5 LSB 45

— Array length 4096 1
— Amplitude 50 ± 5 % of ADC range† 1

† Randomly fixed for each run within this range to avoid bias.
* When the number of points for a fixed value is greater than 1, the average is taken over those points.

increases, the data reduction percentage approaches 100%,
meaning the subsequent LSR algorithm processes only a small
fraction of the original samples.

The computational efficiency of the methods was evaluated
by measuring their average execution time as a function of
the number of samples, with the results shown in Fig. 3.
While theoretically all four methods have a computational
complexity that scales linearly with the number of samples,
O(N), their practical performance is dictated by significantly
different computational overheads.

The iterative nature of the calibrated sinefit method imposes
the highest overhead, making it the most computationally
intensive. The DFT is the fastest method when the number
of samples is low, but its complexity scales as the number
of samples increases, nearly matching the complexity of the
closed-form LSR. The key advantage of LC-DS is that its
most demanding computational steps scale not with the total
number of samples N , but with the much smaller number of
level crossings. This is a direct result of the data reduction
shown in Fig. 2, which leads to a substantially lower effective
time per sample. Consequently, LC-DS becomes faster than
the competing methods once the number of samples exceeds
approximately 211, and achieves a speed-up of more than
two orders of magnitude compared to calibrated sinefit at 215

samples.
For applications like EIS, performance across a wide dy-

namic range is critical. Fig. 4 investigates the absolute error
as a function of signal amplitude. The results reveal a key
characteristic of the LC-DS method. For small signals (below
10% of the ADC’s range), both LC-DS and calibrated sinefit
show a significant reduction in error compared to uniform
DFT/LSR, with their error being over 50 dB lower. In this
small-signal region, the performance of LC-DS is nearly
identical to the calibrated sinefit method. As signal amplitude
increases towards 100% of the ADC range, the performance
of the two methods diverges, with the error of calibrated
sinefit becoming approximately 20 dB lower than that of LC-
DS. Furthermore, the plot extends into the ADC saturation
where the error for uniform DFT/LSR increases significantly.
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Fig. 2. Absolute error as a function of samples per period for uniform
DFT/LSR, calibrated sinefit, and LC-DS. The figure additionally shows the
corresponding data reduction achieved by LC-DS.
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Fig. 4. Absolute error due to quantization as a function of signal size for
LC-DS, calibrated sinefit, and uniform sampling DFT/LSR. The shaded region
around each line indicates the interquartile range of the data.

In contrast, LC-DS and calibrated sinefit maintain low error,
demonstrating their innate ability to handle saturated signals.

B. Performance Under Specific Conditions

To visualize the sensitivity of each method to small varia-
tions in signal phase and offset, Fig. 5 presents 2D heat maps
of the estimation error. The plot for uniform DFT/LSR shows
distinct vertical bands, confirming a strong correlation between
quantization error and the signal’s DC offset. In contrast, both
LC-DS and calibrated sinefit exhibit much lower average error
(−93 dB and −106 dB, respectively, versus −76 dB for uniform
DFT/LSR) and show no strong correlation to either phase or
offset. Fig. 5 also shows the computation time required to
generate each dataset (runtime), where it can be seen that
LC-DS required only 0.51 s whereas calibrated sinefit required
31.4 s.

C. Practical Measurement Validation

Finally, to validate the simulation results, practical mea-
surements were performed on a physical “R-RC” impedance
model using a low-cost impedance analyzer setup shown

in Fig. 6 [14, 15]. The custom device uses a dsPIC33EV
microcontroller’s integrated ADC module for sampling. The
ADC is configured to a 10-bit resolution and the sampling
rate is adaptive to achieve coherent sampling. The measured
“R-RC” impedance model is based on the impedance spectrum
of salt dissolved in water measured using a gold interdigitated
electrode and consists of a 270Ω resistor in series with a
parallel combination of a 12 kΩ resistor and 100 nF capacitor.
As depicted in Fig. 6, the setup is shown during an active
measurement of this “R-RC” model. The digital oscilloscope
displays the raw analog signals directly from the measurement
probes, while the laptop shows real-time oscillograms gener-
ated from the data acquired by the low-cost device.

The resulting Nyquist plot is shown in Fig. 7. The right
side of the plot corresponds to high impedance values, which
in turn produce very small current signals at the ADC input.
In this small-signal region, the quantization error becomes
dominant. The data points from uniform DFT/LSR show a
significant spread along the magnitude lines, indicating poor
precision. In contrast, the data points for both LC-DS and
calibrated sinefit are tightly clustered and aligned with the
fitted model, confirming their superior accuracy and precision.
These practical results corroborate the key finding from the
simulations: LC-DS effectively mitigates quantization error
in real-world measurements, performing comparably to the
state-of-the-art method for the most challenging small-signal
conditions.

D. Performance Summary

The trade-offs of the three considered methods are explored
in Table II. Based on this qualitative comparison, LC-DS is
well positioned as a fast (real-time) estimation technique that
achieves estimations accuracy between that of the typical LSR
approach, and the computationally intensive calibrated sinefit
method.

V. CONCLUSION

In this paper, the efficacy of the newly proposed LC-
DS digital post-processing algorithm was explored in the
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Fig. 5. Heat maps of absolute error due to quantization compared between LC-DS, uniform sampling DFT/LSR, and calibrated sinefit, showing sensitivity
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(A)
(B)

(C)

Fig. 6. The practical measurement setup. (A) Tektronix digital oscilloscope,
(B) laptop computer for control and (C) a custom low-cost impedance
analyzer [14, 15].
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Fig. 7. Nyquist plot of an “R-RC” impedance model measured using a low-
cost impedance analyzer, comparing uniform sampling DFT/LSR, calibrated
sinefit, and LC-DS.

TABLE II
QUALITATIVE COMPARISON OF SINE WAVE ESTIMATION METHODS.

Performance
metric

Uniform
DFT/LSR

Calibrated
sinefit [25]

LC-DS
(This work)

Accuracy for
large signals

Good1 Excellent Good

Accuracy for
small signals

Low1 Excellent Excellent2

Computation
speed for large

sample size

Fast Very slow3 Very fast4

Handles signal
saturation

No Yes Yes

1 Error is dominated by systematic, correlated quantization noise and does
not decrease as N increases.

2 Accuracy approaches that of the calibrated sinefit method for small-
amplitude signals.

3 Calibrated sinefit does not have a closed-form solution and relies on
iterative optimization.

4 Computation is significantly faster as it depends on the number of level
crossings, not the total number of samples N.

context of fast and accurate sine wave estimation. The analysis
demonstrates that LC-DS offers significant advantages over
traditional methods, particularly in terms of computational
efficiency and reduced quantization error. By leveraging the
inherent properties of level-crossing sampling, high-resolution
estimates can be achieved with reduced data sets from
reference-based ADC data, making it a viable option for both
real-time and low-cost applications.

The comparative study between LC-DS, uniform DFT/LSR,
and the state-of-the-art calibrated sinefit method highlights the
potential of LC-DS to significantly improve performance in
scenarios where speed and precision are critical. For small
signals, the performance of LC-DS is nearly identical to the
calibrated sinefit method, and both methods are able to handle
saturated signals. Furthermore, the results indicate that LC-DS
can be effectively integrated into existing LSR-based systems
with only small modifications to the digital signal processing
block. Additionally, by looking at data reduction percentages,
one can algorithmically determine the suitability of LC-DS
and opt not to use the downsampled data in cases where the
original data would be superior (noisy data or small data sets.)
The broad EIS-based testing covered a wide bandwidth and
dynamic range, therefore the results can be extrapolated to
other applications that require high precision single sine wave
estimation.

This paper contributes to the advancement of efficient
techniques to improve the accuracy and speed of sine wave
estimation, and the promising results presented in this paper
pave the way for further research and development. For
example, the performance of the LC-DS algorithm will be
explored in more demanding conditions such as the presence
of harmonics.

While this work is already integrated into a low-cost
impedance analyzer [14, 15] for use in real-world environ-
mental monitoring and diagnostic applications, future work
will include custom hardware or CMOS-level implementation
for the algorithm to further the goal of fast and accurate low-
cost impedance analysis.
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