
11th Convention of the European Acoustics Association
Málaga, Spain • 23rd – 26th June 2025 •

OPTIMIZATION OF SPARSE SAMPLING AND INTERPOLATION FOR
SEISMIC DATA COMPRESSION USING A GENETIC ALGORITHM

Nicolas Giovanardi1∗ Lucas Lobato1 Josafat Ribeiro2

Stephan Paul1
1 Laboratory of Vibration and Acoustics, Florianópolis, Brazil
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ABSTRACT

The acquisition of seismic data in the oil and gas industry
generates large volumes of information, which presents
substantial challenges for both storage and transmission.
Efficient data compression is imperative to address these
challenges while preserving data integrity. This study re-
visits the block-sorting and decimation method for near-
lossless seismic data compression, which combines data
sorting and non-uniform sparse sampling for data reduc-
tion, followed by linear interpolation and reordering for
data reconstruction. Traditionally, interpolation points are
selected using a stretching transform based on the extrema
of Chebyshev polynomials. In contrast, this study pro-
poses a data-driven optimization procedure that leverages
a genetic algorithm to refine the selection of interpolation
points. This approach exhibits high adaptability to the
varying characteristics of different seismic signals. The
performance of the proposed approach is evaluated using
active seismic data from a permanent reservoir monitor-
ing survey. Results demonstrate a significant reduction in
data reconstruction error, albeit with increased computa-
tional cost due to the iterative optimization process. Over-
all, the findings highlight the potential of this approach
for near-lossless seismic data compression in applications
demanding high data integrity in the oil and gas industry.
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1. INTRODUCTION

Oil and gas exploration is based on geophysical survey-
ing techniques to identify reservoirs, and among the dif-
ferent techniques employed, seismic reflection surveys
are the most widely used [1]. In marine seismic reflec-
tion surveys, high-pressure air discharges generate elastic
waves that propagate through the water column and into
the marine subsurface, reflecting at different interfaces.
These reflected waves are captured by sensors, namely hy-
drophones and geophones, which transmit data for further
processing and interpretation. As the industry transitions
from cable-based to wireless transmission, the massive
volume of data generated during these surveys presents
substantial challenges for both storage and transmission.

To address these challenges, numerous seismic data
compression methods have been proposed in recent years.
These methods can be categorized into lossless and lossy
compression techniques. In lossless compression meth-
ods, data can be fully reconstructed with no loss of infor-
mation. Conversely, in lossy compression methods, some
information is discarded, and thus data cannot be fully re-
constructed. Despite this limitation, lossy compression
provides significantly higher data reduction, achieving
compression ratios of up to 1000:1 through dimension-
ality reduction techniques [2]. Although this makes lossy
compression highly valuable in many scenarios, lossless
compression is still used when data integrity is a priority.

In this context, Junior and Paul [3] have proposed a
near-lossless method for compression of seismic data. In
the compression stage, the method involves sorting data in
a monotonically increasing sequence and applying non-
uniform sparse sampling. In the decompression stage,
data is reconstructed through interpolation of the trans-
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mitted samples and reordering of the signal amplitudes,
resulting in a reconstruction error that represents a small
percentage of the signal amplitude values. Their findings,
encompassing both synthetic active seismic data and real
passive seismic data, demonstrate the method’s high ef-
ficiency for seismic data compression, owing to its low
computational cost and high data reconstruction accuracy.

This study extends the near-lossless seismic data
compression method proposed by Junior and Paul [3] by
integrating a genetic algorithm to optimize the selection of
interpolation points within the sparse sampling procedure
during the compression stage. Although the genetic al-
gorithm optimization introduces additional computational
cost, it significantly enhances data reconstruction accu-
racy, an essential feature in scenarios demanding high data
integrity. Moreover, the optimization process is entirely
data-driven, ensuring its adaptability to a wide range of
seismic signals, as the optimal set of interpolation points
varies across traces depending on the signal’s amplitudes.

The proposed approach is evaluated using active seis-
mic data provided by Petrobras S.A., demonstrating its
applicability to real-world scenarios in the oil and gas in-
dustry. With fixing the genetic algorithm parameters, the
optimization process is initially applied to a single trace
for demonstration purposes and then extended to multiple
traces from the same station. Results show that the op-
timized sparse sampling procedure outperforms the tradi-
tional method, yielding improved data reconstruction ac-
curacy. This highlights the optimization procedure as a
valuable extension to the original method, particularly in
scenarios in which additional computational resources can
be allocated to ensure data integrity during compression.

2. SPARSE SAMPLING AND INTERPOLATION

The block-sorting and decimation operation for seismic
data compression, proposed by Junior and Paul [3], is a
lightweight method that reduces the data size of each trace
individually while operating entirely in the time domain.
Instead of transmitting the original time-series signal
composed of floating-point values, it applies non-uniform
sparse sampling and interpolation to encode primarily in-
teger values, achieving a compression ratio around 1.7 by
reducing the number of bits required for transmission. As
it maintains a relatively low data reconstruction error, the
method is classified as near-lossless. This section details
the compression and decompression stages of the method.

In the compression stage, the N signal samples are re-
ordered into a monotonically increasing sequence, trans-

forming the signal into a well-behaved curve. This step is
essential, as the goal is to interpolate the curve using a lim-
ited number of points. For accurate data reconstruction,
the original sample indices must be transmitted alongside
the j selected interpolation points. These points x are
distributed within the interval [−1, 1] using non-uniform
sampling based on the extrema of the Chebyshev polyno-
mial, as defined by Eqn. (1) [4]. Since the original signal
may span a different interval, the selected points have to
be adjusted accordingly to fit the signal’s actual interval.

xj = cos

(
jπ

N

)
, j = 0, . . . , N − 1. (1)

In the decompression stage, the j transmitted interpo-
lation points are linearly interpolated to recover all N sig-
nal samples, while the original sample indices are used to
restore the correct ordering. As a result, the reconstructed
signal consists of j original samples and N − j interpo-
lated samples, which introduce a reconstruction error. Al-
though it would be possible to transmit only the ampli-
tudes of the interpolation points, along with the number
of points, leveraging the known Chebyshev polynomial
extrema to infer their indices, this approach was not con-
sidered probably to avoid additional computational cost.
Therefore, both the indices and amplitudes of the interpo-
lation points are transmitted during the compression stage.

With this procedure, N + j integer values (indices of
the original signal and indices of the interpolation points)
are transmitted along with j floating-point values (am-
plitudes of the interpolation points), instead of transmit-
ting the full signal composed of N floating-point values.
Assuming j ≪ N , data reduction is achieved, as inte-
ger values require fewer bits for transmission compared to
floating-point values. It is important to note that, logically,
a smaller number of interpolation points j results in an
increased data reduction but also leads to a higher recon-
struction error, as the interpolation points would be more
spaced apart. A schematic overview of both the compres-
sion and decompression stages are illustrated in Fig. 1.

Since specific intervals of the signal may exhibit
higher reconstruction errors due to nonlinearities in the
sorted curve, a suitable mapping function, defined by
Eqn. (2), can be employed during compression to concen-
trate interpolation points in targeted intervals of the sorted
trace [5]. In particular, approximately half of the points,
rj = r(xj), are placed within the interval 0 ≤ r ≤ rc,
with more points around r = rc/2. This mapping function
enables a user-controlled data reconstruction error by al-
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Figure 1. Compression and decompression stages.

lowing the spatial distribution of interpolation points to be
adjusted, while keeping the total number of points fixed.

r(x) = rc
1− x

1− x2 + 2rc/rmax
, (2)

3. OPTIMIZATION PROCEDURE

Interpolation points distributed according to the Cheby-
shev polynomial extrema follow a general procedure, pro-
viding a robust signal-independent pattern that yields ac-
curate data reconstruction. To further enhance data recon-
struction accuracy, the placement of these points can be
refined individually for each trace, as they depend on sig-
nal amplitudes and thus vary across different traces. Al-
though the mapping function allows for adjustments, this
study aims to determine the optimal or near-optimal in-
terpolation points for each trace independently. As this
constitutes a nonconvex optimization problem, a genetic
algorithm is used [6], providing a data-driven approach.

The genetic algorithm, introduced in 1975 [7], is a
metaheuristic inspired by the process of natural evolution.
It iteratively refines a population of candidate solutions
based on a fitness function. In each iteration, known as
a generation, the fittest solutions are selected from the
current population, and the genetic operators of selection,
crossover, and mutation are applied to create the next gen-
eration. Through this evolutionary process, the algorithm
continuously improves solutions, yielding better fitness

values. The process ends when a predefined number of
iterations is reached or a specific fitness threshold is met.

In this study, the population of candidate solutions
consists of a set of interpolation points. In each iteration,
these candidates are used to interpolate the sorted trace
and are then evaluated based on the mean absolute error
(MAE), an error metric associated with the L1 norm, cal-
culated between the original samples and the interpolated
ones. To form the next generation, a selected proportion
of the best-performing interpolation points, determined by
their fitness, are retained and used to generate new solu-
tions through genetic operations. The L1 norm is chosen
over the L2 norm due to its robustness against outliers [8].

Genetic algorithm optimization may not always con-
verge to a local or global minimum, as there are no the-
orems guaranteeing this, and the process can be compu-
tationally demanding. Therefore, the interpolation points
determined by the Chebyshev polynomial extrema can be
used for creating the initial population of candidate so-
lutions, as they already provide good data reconstruction
results. This is done by introducing slight deviations, that
is, small shifts in the points determined by the Chebyshev
polynomial extrema, so that the algorithm starts with a
near-optimal set of interpolation points and iteratively re-
fine them according to the characteristics of each trace.

Therefore, this refinement process, based on the ini-
tial positioning of interpolation points proposed by Junior
and Paul [3], requires fewer generations to enhance the
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results than it normally would starting with a randomly
generated initial population. Moreover, the optimization
procedure is highly configurable, allowing the user to ad-
just parameters such as population size, number of gener-
ations, and the initial population itself to achieve variable
outcomes. This flexibility provides a balance between
data reconstruction accuracy and computational cost, en-
abling the approach to be tailored to specific application
requirements and the available computational resources.

4. RESULTS

For the development and evaluation of the approach pro-
posed in this study, Petrobras S.A. provided an active seis-
mic datasets acquired during a permanent reservoir moni-
toring survey conducted at the Jubarte field between 2013
and 2014. These datasets were recorded as common re-
ceiver gather stations and stored in SEG-Y files containing
traces of sound pressure and three-dimensional accelera-
tion. Each trace has a duration of 10.24 seconds and was
acquired at a sampling rate of 500 Hz, resulting in 5120
samples per trace. For the purposes of this study, station
258 was randomly selected to assess the data reconstruc-
tion accuracy of the proposed optimization procedure.

The genetic algorithm was configured with an initial
population size of 100, a total of 1000 generations, and
a mutation rate of 0.1. For demonstration purposes, the
first sound pressure trace from station 258 was selected to
illustrate the optimization outcomes, using 50 interpola-
tion points. Fig. 2 compares the interpolation points ob-
tained through Chebyshev polynomial extrema with those
obtained through genetic algorithm optimization, plotted
alongside the sorted trace. Fig. 3 presents the evolution
of fitness values (measured by the MAE between original
and interpolated curves) over generations. Finally, Fig. 4
illustrates the original and reconstructed traces, along with
the absolute error, indicating near-zero information loss.

To further evaluate the approach on a broader scale
while using the same genetic algorithm parameters, the
first 441 sound pressure traces from station 258 were se-
lected for analysis, as they constitute a single receiver
gather. Fig. 5 compares the MAE of the Chebyshev poly-
nomial extrema-based sparse sampling with that of the op-
timized sparse sampling using a genetic algorithm, show-
ing that the optimization significantly enhances data re-
construction across all analyzed traces. Fig. 6 presents the
original traces and their respective reconstructions using
the optimized interpolation points, confirming the high re-
construction accuracy achieved by the proposed approach.

Figure 2. Sparse sampling procedure comparison.

Figure 3. Evolution of fitness.

The results demonstrate that incorporating optimiza-
tion through a genetic algorithm not only significantly im-
proves data reconstruction accuracy but also reduces the
variability of reconstruction error across traces. It is also
important to note that the proposed approach does not im-
pact the compression ratio of the original near-lossless
seismic data compression method, which remains approx-
imately 1.7. Moreover, as illustrated in Fig. 2, the genetic
algorithm allocates interpolation points in regions of non-
linear behavior, exactly where linear interpolation is more
likely to introduce errors, thereby highlighting the adapt-
ability of the approach to varying trace characteristics.
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Figure 4. Single trace reconstruction.

Figure 5. Reconstruction MAE across traces.

5. CONCLUSION

This study proposed an extension to a near-lossless seis-
mic data compression method by integrating a genetic
algorithm to refine the selection of interpolation points
within the sparse sampling procedure. This extension
significantly enhanced data reconstruction accuracy com-
pared to the original method, although it introduced addi-
tional computational demand. As a data-driven approach,
it also demonstrated high adaptability to varying signal
characteristics. Future research is expected to explore
more efficient near-lossless data compression strategies
that can further enhance both data reconstruction accuracy
and compression ratio, without substantially increasing
computational cost, thus broadening the method’s applica-
bility to real-time or resource-constrained environments.
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