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The Compressive sensing (CS) has proved to be a promising model at achieving efficient
signal acquisition and reconstruction in wireless communication systems, especially
when bandwidth and energy constraints are present. Nonetheless, sparse signal
reconstruction with limited measurements is still a major challenge which is inefficient
in reconstruction and noise sensitivity. This paper resolves this problem by suggesting
an improved non-compression method of sparse signal reconstruction frame worked in
terms of Basis Pursuit (BP) algorithm under a L1 minimization framework. The method
proposed suggests an optimized formulation to enhance the accuracy of reconstruction
and still keep the computation possible under wireless conditions. Mean Squared Error
(MSE) is adopted as the main performance measure to assess the reconstruction process
and make sure that the quality of signal recovery can be quantified accurately.
According to the simulation results, the proposed method proves to have a significant
decrease in reconstruction error and high efficiency as compared to the traditional
methods of BP, in particular, the low-measurement and noisy scenarios. The results
demonstrate that the suggested approach is effective to achieve reliable sparse signal
recovery, and it can become a good choice in the next-generation wireless systems,
such as loT and 6G communications where efficient data acquisition and processing is
essential.
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1. INTRODUCTION

The fast development of wireless communication
networks, such as Internet of Things (loT), 5G and the
new 6G networks, has considerably raised the necessity
of effective methods of data acquisition, transmission,
and processing. The effective compression and
reconstruction of high-dimensional signals with a
stringent bandwidth, energy and latency constraints is
one of the main issues in such systems. Conventional
ways of sampling based on Nyquist principles usually
result in too much generation of data that would not
be effective in a limited resource wireless site. The
compressive sensing (CS) framework has become one of
the most promising approaches to accurately
reconstruct the signal with fewer measurements hence
overcoming the shortcomings of the traditional
sampling methods [1], [5].

An important concept associated with compressive
sensing is the sparseness of signals in a suitable
transform domain. The intrinsic sparsity of many real-
world wireless signals like channel responses and sensor
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data can be used to gain an efficient representation
and recovery. The sparse signal reconstruction is
essential in making sure that there is a proper recovery
of the data in compressed measurements. With proper
reconstruction, the signal fidelity is enhanced, and the
overall system performance is improved in terms of
wireless sensor network, cognitive radio, and massive
MIMO systems [6], [14].

Even though it has its merits, sparse signal
reconstruction is a difficult issue to solve especially in
real world wireless setting. Current reconstruction
algorithms have typically traded off between
computational performance and reconstruction
accuracy. Greedy algorithms, like the Orthogonal
Matching  Pursuit (OMP) algorithm, have low
computational complexity, but can lead to sub-optimal
recovery performance. Conversely, convex
optimization-based approach, e.g. Basis Pursuit (BP),
gives better reconstruction accuracy but incurs
computation overhead [1], [3]. Moreover, the methods
exhibit deterioration in noisy conditions and in
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scenarios with limited measurements,
wireless communication systems.

typical in

Basis Pursuit is one of the reconstruction methods,
which is arguably attracting a lot of attention because
of its minimization of L1, which in turn, encourages
sparsity and yet provides the correct recovery of the
signal. It poses the reconstruction task as a convex
optimization problem, which is mathematically sound
and theory-based [3], [5]. Nevertheless, typical BP
methods do not appear to be efficient enough to work
with real time wireless applications because they are
computationally complex and sensitive to system
parameters. This drives the necessity of better L1-
based reconstruction schemes that may be able to
improve performance without making the methods
computationally infeasible. In that regard, the current
paper is devoted to the creation of the effective sparse
signal reconstruction methodology to be applied to the
setting of the wireless compressive sensing. The
proposed approach is based on the Basis Pursuit
framework and adds the improvements that will
promote the accuracy and efficiency of reconstruction.
Mean Squared Error (MSE) is the main performance
measure used to evaluate the effectiveness of the
approach allowing to quantitatively measure the
reconstruction quality under different system
conditions.

The paper has a number of valuable contributions to
the compressive sensing of wireless networks. To begin
with, a better L1 minimization-based sparse
reconstruction plan is optimally designed to increase
the level of signal recovery in poor measurement
scenarios. Second, an evaluation framework is
implemented in a way that evaluates the effectiveness
of the proposed method in real-life wireless
environment taking into account issues like noise and
measurement limitation. Third, the suggested method
shows a considerable decrease in reconstruction error,
in terms of MSE, and is computationally efficient. All
these contributions put forward the proposed method
as a feasible solution of efficient sparse signal
reconstruction in the next generation wireless
communication network.

2. RELATED WORK

Compressive sensing (CS) has recently received much
interest as an effective signal capture and
reconstruction system that takes advantage of sparsity
to cut down on sampling needs. Compared to
traditional Nyquist sampling, CS also allows perfect
reconstruction of sparse signals using only a few linear
measurements, thus it is very appropriate in bandwidth
and energy-constricted wireless systems [1], [5].
Theoretical principles of CS were laid down by Candes,
Tao, and Donoho, who showed that under specific
conditions  sparse signals can be perfectly
reconstructed in terms of optimization-based methods
[3], [5]. The CS has in the past found extensive

application in wireless communications, such as
channel estimation, spectrum sensing, and sensor
network data compression [6], [14].

Compressive sensing functions on sparse signal
reconstruction, and various algorithms have been
created to tackle this issue. One of the most popular
among them is Basis Pursuit (BP), which is designed as
an L1 minimization problem that facilitates sparseness,
as well as recovery accuracy [3]. BP provides good
theoretical assurances and a good reconstruction
accuracy, especially in low noises or noise-free
situations. Its use of convex optimization, however,
makes its computationally complex with comparatively
high complexity meaning that it is not applicable in
real-time wireless systems. Iterative optimization
methods like the Fast Iterative Shrinkage-Thresholding
Algorithm (FISTA) have also been suggested to
overcome the computational difficulties and speed up
convergence without compromising on reconstruction
quality [1].

Compared to optimization-based methods, greedy
algorithms have been developed, including Orthogonal
Matching Pursuit (OMP) and Compressive Sampling
Matching Pursuit (CoSaMP), as more computationally
efficient and fast solutions. OMP is an iterative method
that identifies the most appropriate basis elements to
approximate the signal, which is why it can be used in
real-time with a limited number of computational
units. CoSaMP enhances OMP by adding refinement of
support iterations and correction of errors, which
result in a better stability of the reconstruction [6].
Although these avaricious approaches are highly
deemed computationally efficient, they tend to be less
accurate in reconstruction especially in the highly
sparse or noisy setting.

Other recent developments have also investigated
learning-based and hybrid methods to sparse signal
reconstruction. Deep learning approaches (including
Learned Approximate Message Passing (AMP)) and
convolutional neural net-based recovery algorithms
have all shown promising gains in the speed and
accuracy of reconstruction [2], [11]. Nevertheless,
these methods have a high demand in training data and
computation resources and are therefore not as
practical to implement in resource-constrained wireless
systems. They also might perform poorly when used in
applications in scenarios that are not comparable to
those used in training.

Although there are many reconstruction methods
available today, there are still a number of limitations.
Methods like BP based on optimization is very accurate
but simple to compute is costly and greedy algorithms
are not as accurate but may execute faster. Moreover,
most of the current approaches are sensitive to noise
and measurement limitations, which are intrinsic to
wireless communication setting. The restrictions
remind that effective reconstruction methods are
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necessary, which can trade between accuracy and
computational cost, and be robust in practical use.

Despite the current advancements towards sparse
signal reconstruction of the compressive sensing, a gap
in the research has not been filled yet concerning the
creation of an optimal reconstruction
accuracy/computational  efficiency  trade-off in
compressive sensing to meet the requirement of
wireless applications. The current methods are based
either on the assumption that accuracy is more
important than complexity, like in Basis Pursuit, or that
speed is cheaper and performance diminished, as in
greedy algorithms like OMP and CoSaMP. Furthermore,
a lot of sophisticated methods are not flexible enough
to dynamic wireless settings that are noise prone,
limited in measurements and have resource limitations.
Hence, it is evident that a better L1-based
reconstruction system, which is more efficient and at
the same time maintains the high-accuracy of the
convex optimization results, is required. The gap needs
to be filled in as this is the only way to come up with
viable and scalable compressive sensing solutions in the
next generation wireless communication systems.

3. SYSTEM MODEL FOR WIRELESS COMPRESSIVE SENSING

Signal reconstruction and acquisition in wireless
communication systems needs to be efficient because
there are constraints in bandwidth, power consumption
and transmission resources. Compressive sensing (CS)
can offer a sound framework to overcome these
difficulties by allowing the reconstructions of signals
using fewer measurements. In contrast to traditional
sampling methods, which operate based on the Nyquist
criterion, CS makes use of signal sparsity to
dramatically cut the number of necessary samples but
still maintain the necessary information to allow
reconstruction of the original signals perfectly.

Consider a real-valued signalx € RV, which is assumed
to be sparse in a suitable transform domain, meaning
that only a small number of its coefficients are non-
zero. Instead of directly sampling the entire signal, a
measurement matrix® € R”*¥, where M<N, is used to
obtain a compressed representation. The observed
measurement vector y € RMis expressed asy = Ox,
which is a low dimensional projection of the original
signal. The general flow chart of sparse signal
compression with a measurement matrix can be seen in
Fig 1, where the sparse signal is converted to a
compressed signal which can be easily transmitted.

To ensure accurate reconstruction, several assumptions
are considered in the system model. The signal is
assumed to have a sparsity level K, where K«N, allows
the recovery of [limited measurements. The
measurement matrix is usually constructed in a form of
a random matrix, e.g. Gaussian, or Bernoulli to meet
incoherence conditions necessary to achieve successful
reconstruction. Noise in practice can corrupt the
measurements, and can be represented as additive
white Gaussian noise (AWGN). When this happens,
there is a change in the observation model to y=0x+n,
where n represents noise with zero mean and finite
variance.

This compressive sense system can be very useful in
wireless transmission systems where the volume of
data can be minimized directly to increase energy-
saving and bandwidth-efficientness. The sparse signal is
then compressed at the transmitter side through the
measurement matrix before transmission thus reducing
the number of bits sent in the channel. Reconstruction
algorithms are used at the receiver to restore the
original signal based on the compressed measurements
through algorithms like Basis Pursuit. This is most
useful in wireless sensor networks, loT devices, and
next generation communication systems where
resourceful data management and consistent signal
retrieval is paramount.

Sensin
e

Sparse Signal

Measurement Matrix @

Compression

Compressed Signal
y=®x

Fig 1. Compressive Sensing Signal Acquisition Model.

4, PROPOSED METHOD: BASIS PURSUIT (L1
MINIMIZATION) FRAMEWORK

The suggested approach relies on the Basis Pursuit (BP)
paradigm, which  Q-minimizes  sparse  signal
reconstruction, creating a convex optimization. The
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main goal is to reconstruct the original sparse signal
with a reduced set of measurements by reducing the L1
norm (which in effect encourages sparsity in the
solution). The mathematical statement of the
reconstruction problem is:

minffi|x ||, subject toy = Ox
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It is necessary to use the L1 norm which is a convex
approximation of LO norm, which allows the
optimization to be computed ally feasible, and the
sparsity is also maintained. This guarantees the

retention of only the most important coefficients of
the signal and thus the method is very effective in
compressive sensing use in wireless systems.

Random Measurement
Matrix Implementation
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Fig 2. Transmitter-Side Compressive Sensing Framework.

effectively compress the signal into a lower-

Fig 2 shows the transmitter-side of the recommended
compressive sensing structure. This starts with the
source of the signal which produces the analog input
signal. An Analog-to-Digital Converter (ADC) is used to
convert this signal to a digital one. The digital signal
x[n] is subsequently run through a random selection
matrix implementation block, at which the process of
measurement y=0x is performed. Multiplier and
accumulator units are part of this block which
computes linear projections of the input signal that

dimensional measurement vector y[m]. The signal is
then compressed into an RF transmitter where it is
modulated and amplified and sent to the wireless
channel. Clock (CLK), power (Vcc), and grounding
(GND) signals are also included in order to provide
stable hardware operation. This design demonstrates
the effect that compressive sensing has on decreasing
data transmission at the hardware level resulting in a
better use of energy and bandwidth.
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Fig 2. Receiver-Side Basis Pursuit Reconstruction Framework.

The reconstruction process is done at the receiver side
using Basis Pursuit framework as shown in Fig 2. The
antenna captures the RF signal and then it is subject to
the RF receiver chain, which consists of Low Noise
Amplifier (LNA), mixers and filters to reconstruct the
baseband signal. The digitization of the processed
signal is performed with a high-speed ADC to get the
measurement vector y[m]. This is a vector that is fed
into the BP reconstruction module and the optimization
process is initiated. The reconstruction framework

consists of parameterization (initial guess x 0) and
regularization parameters. The main optimization cycle
is a sequence of gradient descend updates and
thresholding to implement sparsity. At every iteration,
a convergence check is done to check whether the
solution is stabilized. After attaining convergence, the
optimal coefficients are.XAre used in the signal
recovery and synthesis block, which reconstructs the
original signal using an appropriate sparsity basis. The
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final output is the recovered signalx[n], which closely
approximates the original transmitted signal.

In order to improve the performance of the standard
Basis Pursuit approach even further, the given method
can be extended with adaptive regularization or
weighted L1 minimization. The reconstruction process
with different weights on signal coefficients is more
resistant to noise and measurement errors. Also, it is
possible to introduce constraint relaxation methods to
deal with noisy environment with a tolerated
reconstruction error. These additions boost the
reconstruction accuracy and computational efficiency
and the proposed framework is very suitable in real-
time wireless communication systems where recovery
of signals with high reliability and efficiency is
necessary.

5. RECONSTRUCTION ERROR ANALYSIS

Quantitative evaluation of the performance of the
proposed sparse signal reconstruction method is done
by the use of the Mean Squared Error (MSE) which is
one of the most important measures of reconstruction
accuracy. MSE is used to determine the mean squared
error between the original signal x and the
reconstructed signal %,and is mathematically defined
as:

1 ZN 2
MSE = — (xi - xi) (1)
N i=1

This measure gives an immediate measure of the
quality of the reconstructed signal, in comparison to
the original signal. The smaller the MSE value, the
more successful the reconstruction process has been in
recovering the key characteristics of the original signal,
which leads to increased accuracy. On the other hand,
large values of MSE will denote large deviations, which
depict poor performance of a reconstruction. In
compressive sensing, it is vital to have a small MSE
particularly when measurements are limited and in the
presence of wireless noise.

MSE is important to measure and assess the
effectiveness of the various reconstruction algorithms.
It enables a detached evaluation of the effectiveness of
the proposed method based on Basis Pursuit in
comparison to the current methods. With the
reconstruction algorithm, the analysis of MSE in varying
conditions, including ratios of measurement and noise
intensity, should allow the systematic study of the
robustness and efficiency of the reconstruction
algorithm. This renders MSE to be a key performance
measure in compressive sensing-based wireless
communication systems.

Moreover, noise and signal sparsity are also extremely
sensitive to the reconstruction error. In actual wireless
applications, additive white Gaussian noise (AWGN)
may be present to worsen the quality of the obtained
measurements, and result in a larger reconstruction
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error. Equally, sparsity has a major impact on the
accuracy of recovery since more sparse signals (fewer
non-zero elements) are typically easier to reconstruct
at lower error. Thus, the examination of MSE in various
conditions of noise and the level of sparsity can be
helpful to determine the robustness and flexibility of
the developed approach in the context of a real-life
wireless setting.

6. SIMULATION SETUP

The effectiveness of the proposed sparse signal
reconstruction algorithm is determined by extensive
simulations carried out in the MATLAB and Python
environments. These systems offer effective numerical
computation and optimization toolboxes needed in
executing compressive sensing algorithms and in solving
L1 minimization problems. The simulation model will
be built to model realistic wireless communication
conditions, which will allow one to properly evaluate
reconstruction performance across different system
conditions.

The experimental setup assumes that a sparse signal of
length N is being used, with only a few coefficients out
of a large number K being non-zero, such that the
sparsity condition is satisfied K<«N. The signal is
compressed using a measurement matrix® € RM*V,
where the number of measurements M is significantly
less than N. The measurement ratio M/N is adjusted to
determine its effects on the accuracy of
reconstruction. Additive white Gaussian noise (AWGN)
is added to the system to model realistic wireless
environments and the level of noise is regulated by the
Signal-to-Noise Ratio (SNR), which enables us to check
the robustness of the proposed method in the noisy
environment.

A comparative analysis of the suggested approach with
the traditional Basis Pursuit (BP) method that is the
standard reconstruction algorithm is conducted to
prove the efficiency of the proposed approach. The
two methods are used on the identical set of Lapsed
measurements and the performance is measured using
Mean Squared Error (MSE) as the metric. The given
comparison allows one to effectively evaluate
improvements provided by the suggested approach in
terms of accuracy in reconstruction and computational
efficiency.

The simulation parameters are systematically changed,
such as signal length, level of sparsity, level of
measurements, and conditions of noise to give a
thorough analysis of the performance of the algorithm.
This configuration makes sure that the suggested
approach is tried in as many different situations as
possible, and it proves that it can be applied in
practical wireless communication systems where it is
necessary to be efficient and accurately reconstruct
the signal.
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7. RESULTS AND DISCUSSION

The effectiveness of the suggested sparse signal
reconstruction framework is assessed through four
major viewpoints: reconstruction quality under
different measurement conditions, channel noise
resistance, and convergence property during iterative

0

recovery, and computational efficiency. The results
obtained are always consistent that the proposed
improved L1-based algorithm is advantageous over the
traditional Basis Pursuit (BP) algorithm in terms of
reduced reconstruction error, increased stability as
well as reduced execution time all of which are
required in wireless compressive sensing.

Numerical Values
vs. Baseline)

5t

Mean Squared Error (MSE) [dB]
o

&
S

M =40 M =60
M/N Ratio: 0.2 0.3 :
Fig 3: MSE vs. Number of Measurements.

Fig 3 shows the change in Mean Squared Error (MSE) as
the number of measurements M is changed, that is, as
the measurement ratio M/N=0.2,0.3,0.4, , and 0.50 are
changed. It is evident that both methods benefit with
the more measurements made to enhance the quality
of reconstruction, as the more compressed
observations are made the more signal information
contained. Nevertheless, the suggested framework
always has lower MSE in comparison with the base BP
approach at all levels of measurement. To illustrate,
with M=40, the proposed method achieves an MSE of
about -11.5 dB as compared to the baseline method of

Il Proposed Framework (Enhanced L1)
Il Baseline BP Method J

-11.1

Proposed Method achieves
lower MSE floor with
fewer measurements

4

Final Reconstruction
Quality (M=100)

-20.5

-24.4

M = 80 M = 100
0.4 0.5

about -5.8 dB. The proposed method further improves
as the number of measurements increases to M=100 to
approximately -29.1 dB as compared to the
conventional BP method, which is about -20.5 dB. This
shows that the improved reconstruction plan is
efficient in retrieving sparse data with limited
observations. The graph also indicates that the
suggested method has a lower MSE floor using fewer of
the measurements, which is very desirable in wireless
systems, where bandwidth and sensing resources are
limited.

0.4000

1074

Mean Squared Error (MSE)

1024

5 10

E Proposed Framework
EEN Baseline BP Method

1% 20 25

Signal-to-Noise Ratio (SNR) [dB]

Fig 4: MSE vs. SNR (Noise Robustness).

Fig 4 depicts the influence of noise on the
reconstruction accuracy by giving a plot of MSE versus
Signal-to-Noise Ratio (SNR). As predicted, the error in
reconstruction also decreases with increase in SNR, in
the sense that, with increased SNR, there is less

contamination of the compressed measurements by
noise. The suggested framework exhibits an improved
noise robustness than the baseline BP at all the SNRs
tested. When the SNR is low at 5 dB, the proposed
algorithm achieves an MSE of approximately 0.12 at
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this point compared to much larger error of 0.40 in the
baseline algorithm. With a signal-to-noise ratio of 15
dB, the proposed scheme lowers the MSE to almost
0.012 and the baseline is approximately 0.05. This
difference in performance is further reflected at 25 dB
where the proposed method vyields an MSE of
approximately 0.0012, as opposed to 0.006 with the

traditional BP method. These findings illustrate that
the method suggested is less vulnerable to additive
white Gaussian noise and hence the approach is more
predictable in the actual wireless context when
disturbances in channels and corruption of
measurements are inevitable.

<—|nitial Error (-2 dB)|

Proposed Method shows
~30%, [F*A0) conversencnce

Proposed Method shows 4
~30% faster convergence

T T T T T

——Proposed Method (Enhanced L1)
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Fig 5: Reconstruction Error vs. Iterations.

Fig 5 indicates the error in reconstruction and number
of used iteration which represents the behavior of
convergence of the algorithm. The two approaches
start at the same error level, although the proposed
approach errors are much more reduced compared to
the traditional BP scheme. The proposed method
decreases the normalized MSE to about -12 dB at 10
iterations, whereas the baseline is around -8 dB. Since
the proposed framework has a steeper error decay, it
reaches approximately -24 dB after the 50th iteration

and -29 dB after the 100th iteration. In contrast, the
conventional BP method converges more slowly and
saturates near -22 dB at the end of the iteration
process. This performance validates that the proposed
improved L1 reconstruction scheme has faster
convergence and improved final recovery accuracy.
Practically, this matters as a faster convergence allows
to decrease the computational load and make the
technique more applicable to near-real-time wireless
signal recovery.

20
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Il Proposed Framework
Il Baseline BP Method

Average Execution Time (ms)

ON PO ®

171 .

Scenario A (M/N=0.15) Scenario B (M/N=0.3) Scenario C (M/N=0.4)
Reconstruction Scenario
Fig 6: Execution Time Comparison.

Fig 6 provides a comparison in the average time taken
by the proposed and the baseline approach in three
reconstruction scenarios with varying ratios of
measurements. In  Scenario A (M/N=0.15) the
framework proposed has approximately 6.2 ms,
whereas the baseline technique has approximately 10.5
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ms. In Scenario B (M/N=0.3), there is a slight
improvement in the execution time of the proposed
method to 8.1 ms and that of the conventional BP
method to 14.8 ms in Scenario C (M/N=0.4) to 17.1 ms.
These findings show that the suggested approach is
more efficient to compute in all the studied
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circumstances. Even though the execution time is
expected to directly proportional to measurement ratio
as the optimization workload grows, the proportional
increases significantly less in the proposed framework.
This lessening of computation load is relevant
especially to wireless and embedded applications,
where speed and energy-efficiency of processing is a
key factor in design.

The combination of the results in Fig 3-6 makes a
compelling case that the suggested method can be a
superior trade-off between the reconstruction precision
and the computational cost in comparison to the
standard Basis Pursuit algorithm. It is seen in the lower
values of MSE in all measurements ratios that sparse
recovery is enhanced and the SNR analysis shows that it
can better resist noise. The accelerated convergence
properties also suggest that the improved optimization
strategy is more robust and efficient in the iterative
reconstruction. Lastly, the shortened implementation
time confirms the practicability of the suggested
process in a practical wireless implementation. In
general, these results demonstrate that the suggested
Basis Pursuit-driven model of reconstruction is a robust
and effective model to apply in compressive sensing
within wireless networks, in particular, when there are
limited measurements, unstable channels, and real-
time processing limitations.

8. APPLICATIONS

The suggested thin signal restoration system using the
improved Basis Pursuit methodology is highly applicable
to a host of current wireless communication networks.
Compressive sensing has been applied in wireless
sensor networks (WSNs) with nodes having very limited
energy and bandwidth, showing that it is highly
effective in acquiring data in such networks due to the
need to transmit only compressed measurements,
rather than complete-length signals. The suggested
approach enhances the accuracy of reconstruction at
the receiver, guaranteeing the high quality of data
restoration with minimum communication overhead
that is of paramount importance in terms of achieving
a longer network life.

When applied to Internet of Things (loT) systems, the
interconnected nature of many devices leads to the
emergence of extensive amounts of data that need to
be effectively processed and delivered. The suggested
framework enables the proper compression of data
during the sensing step, decreasing the load regarding
the transmission and energy usage. The method lowers
the reconstruction error and hence critical information
is retained even in the face of limited measurement
enabling it to be highly applicable in resource-
constrained loT systems like smart homes, industrial
automation, and environmental monitoring systems.

It is also very applicable to next-generation 6G
communication system, where the requirements are

ultra-high data rate, low-latency, and efficient use of
spectrum. Signal processing that is based on
compressive sensing can also greatly narrow the
amount of data that is sent across wireless channels,
thus enhancing spectral efficiency. The suggested
approach improves signal recovery to this high
frequency and dynamic environment, benefiting
advanced applications, including massive MIMO,
intelligent reflecting surfaces, and ultra-reliable low-
latency communication (URLLC).

Moreover, the proposed framework is highly
appropriate in edge-based signal processing as the
computation workload is done much nearer to the
source of data instead of on central cloud systems. The
method can provide real-time processing on edge
devices because it helps to construct the image with
high efficiency with a lower level of computational
complexity. It is especially useful in systems that can
be autonomous, provide real-time monitoring, and
even smart infrastructure, where signal recovery needs
to be fast and accurate with limited computational
resources. In general, the flexibility and effectiveness
of the suggested approach render it a viable solution in
the deployment in a broad range of applications of
wireless and embedded systems.

9. LIMITATIONS

Although the proposed Basis Pursuit (BP)-based sparse
reconstruction framework has its benefits, there are
some limitations that should be noted. The
computational complexity of L1 minimization is also
considered to be one of the major pitfalls. Even though
convex optimization offers precise and trustworthy
signal recovery, it needs repetitive computing and
matrix actions which can be computationally complex,
particularly when utilizing high-dimensional indicators.
It can restrict the practical applicability of the method
to real-time applications or resource-constrained
wireless systems without additional optimization or
hardware acceleration.

The other significant weakness is the sensitivity of the
reconstruction process to the design of the
measurement matrix @®. The effectiveness of
compressive  sensing heavily depends on the
incoherence and structural properties of the sensing
matrix. When the matrix fails to meet the needed
criteria, including the Restricted Isometry Property
(RIP), reconstruction quality can severely drop.
Practical wireless implementations may not have the
resources to generate and maintain an optimum
measurement matrix owing to the hardware limitations
and interacting channel dynamics.

Also, the adopted method will have worse performance
in the environment with high levels of noise. Despite
the increased robustness of the enhanced structure
over conventional methods, the additive noise of
wireless channels, even when strong, can still impact

170 IAECES Journal of Electronics and Communication Engineering |Jan - Dec 2026



Krnst Beken et al : Efficient Sparse Signal Reconstruction Techniques for Compressive Sensing in Wireless Networks

the quality of the compressed measurements. This
causes higher reconstruction error and decreased
reliability especially in cases where the Signal-to-Noise
Ratio (SNR) is very low. Consequently, the method
might need additional improvements, e.g., noise-
sensitive optimization or adaptive filtering schemes, to
ensure performance in challenging-noise scenarios.

10. FUTURE WORK

Further research directions will be to improve the
effectiveness and flexibility of sparse signal
reconstruction in wireless environments. A good
direction is the creation of hybrid reconstruction
models that merge the performance of Basis Pursuit
with the computational efficiency of greedy methods
like OMP and CoSaMP, allowing greater performance-
complexity tradeoffs. Moreover, by incorporating the
capabilities of artificial intelligence into compressive
sensing, it is possible to further enhance the quality of
reconstruction by enabling use of data-driven adaptive
optimization and noise-sensitive recovery methods. The
real-time implementation of the suggested framework
on hardware platforms (FPGA or ASIC) is another
crucial avenue, as it would help to deploy the
discussed framework practically to embedded and edge
devices with  stringent latency and power
requirements. Moreover, it will be important to apply
the offered approach to the large-scale systems,
including those of massive MIMO and 6G networks,
where the efficient processing of high-dimensional
sparse signals is crucial to guaranteeing high spectral
efficiency and robust communication.

CONCLUSION

This study has shown the usefulness of Basis Pursuit
(BP) framework in recovering sparse signal in a wireless
compressive sensing system. The suggested method
effectively encourages sparsity and allows to recover
the signals correctly using limited measurements due
to L1 minimization. The findings strongly indicate a
substantial decrease in the error of the reconstruction
as it is indicated by a smaller Mean Squared Error (MSE)
than traditional techniques, a better convergence
pattern and faster computation speed. The strengths
and trustworthiness of the suggested approach in
managing realistic wireless conditions, such as
disturbed environments and limited measure
conditions, are proven by these enhancements. In
general, the improved BP-based model is more than
appropriate to the wireless compressive sensing
scenarios as it can provide an effective trade-off
between the precision and the complexity. Its
scalability of performance and flexibility also puts it in
a good position to be integrated into the next-

IAECES Journal of Electronics and Communication Engineering |Jan - Dec 2026

generation communication systems such as loT, edge-
computing and new 6G networks.
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