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Abstract

The Nyquist Folding Receiver is an architecture that uses Compressed Sensing to convert
analog radio frequency signals into digital signals. Analog-to-Digital Converter architec-
tures that implement Compressed Sensing are collectively known as Analog-to-Information.
Sparse bandlimited analog signals with frequency bands above the Nyquist frequency
of a traditional Analog-to-Digital Converter can be recovered by Analog-to-Information
receivers. Recovery of these signals is affected by the selection of a Compressed Sensing
recovery algorithm. Typical recovery algorithms selected for recovery of Nyquist Folding
Receiver-compressed outputs use iterative methods to find the solution. This work presents
a machine learning approach to signal reconstruction. The proposed method uses a neural
network to learn the mapping from compressed samples to the original signal. The neural
network is trained on a set of synthetic signals generated by a new open-source Analog-to-
Information simulator called SpectraMelt. The results show that the neural network can
effectively reconstruct the original signal from the compressed samples, achieving better
performance than traditional iterative methods.

Keywords: analog-to-digital; analog-to-information; cognitive radio; compressed sensing;
Nyquist folding receiver; radio frequency

1. Introduction
Modern information systems (ISs) increasingly demand acquisition rates that strain

existing hardware, as Nyquist-rate sampling of high-bandwidth signals produces excessive
data or imposes impractical capture requirements. The Analog-to-Digital Converter (ADC)
is a central bottleneck in this process. A major shift came with Donoho’s 2006 introduction
of Compressed Sensing (CS) [1], which offered a framework to bypass Nyquist constraints.
CS exploits the structure of finite-dimensional inner product spaces by employing the
ℓ1 norm to promote sparsity, enabling accurate reconstruction of certain signals from
sub-Nyquist samples.

This breakthrough inspired extensive research into Analog-to-Information (A2I) con-
verters (Figure 1) [2], architectures that embed CS principles directly into data acquisition.
Notable A2I designs include the Random Demodulator (RD) [3], the Modulated Wideband
Converter (MWC) [4], and the Nyquist Folding Receiver (NYFR) [5]. While none yet rival
traditional ADCs due to performance trade-offs [6], the NYFR remains a leading candidate
for sub-Nyquist sampling.
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(a)

(b)

Figure 1. General A2I sampling architecture. (a) CS acquisition model. (b) CS reconstruction model.

Early modeling work [7] is extended here with a neural network-based reconstruction
framework that improves both theoretical accuracy and empirical performance, signifi-
cantly narrowing the gap between experimental feasibility and practical deployment by
surpassing traditional iterative methods on real-world signals. Recent advances in deep
learning for high-complexity sensing modalities, such as oriented feature extraction in SAR
ship detection, demonstrate the broader trend toward neural models that exploit structured
geometry in measurement data, a direction aligned with the reconstruction strategies ex-
plored in this work [8]. The neural network is enabled by an open-source A2I simulator
called SpectraMelt. This new simulator allows for the creation of A2I digital twins that
can generate synthetic data needed for the training of the network without the need for
hardware implementation while promoting the development of new A2I architectures.

1.1. Compressed Sensing Background

While a full treatment of CS theory is beyond the scope of this work, a brief
overview is provided to establish the mathematical foundations, recovery conditions,
and assumptions that justify the signal model. In CS, a vector x⃗ of length N belongs to
FN = {(x1, . . . , xN) : xj ∈ F}, typically with F = R. An inner product space defines the ℓ2

norm as ||⃗x||2 =
√
⟨x⃗, x⃗⟩, with the general ℓp norm given by

||⃗x||p =

(∑n
i=1 |xi|p)1/p for p ∈ [1, ∞)

max
i=1,...,n

|xi| for p = ∞

For 0 < p < 1, these are quasi-norms. At p = 0, ||⃗x||0 := | supp(x⃗)|, where
supp(x⃗) = {i : xi ̸= 0} denotes the indices of nonzero elements. ℓp norms measure ap-
proximation error between x⃗ and its estimate x̂ as ||⃗x − x̂||p. CS exploits sparsity, especially
with the ℓ1 norm, since errors concentrate in fewer coefficients. A signal x⃗ = x[n] of length
N with at most K nonzeros (K ≪ N) is K-sparse where 0 ≤ n < N. Many signals become
sparse in Fourier F or Wavelet W bases. If x⃗ ∈ RN is sparse when transformed by a
universal basis Ψ, where Ψx⃗ = s⃗ satisfies ||⃗s||0 ≤ K, it is called compressible.
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For a compressible x⃗ ∈ RN , CS allows reconstruction from measurements y⃗ ∈ RP:

y⃗ = Mx⃗ = MΨ−1⃗s = Θ⃗s (1)

where P is the number of measurements, M is the measurement matrix, s⃗ ∈ RN ,
and K < P ≪ N. This holds when M contains Gaussian or Bernoulli random variables.

Since (1) is underdetermined, recovery seeks the sparsest ŝ by solving

ŝ = argmin
s⃗

||⃗s||0 subject to y⃗ = Θ⃗s (2)

where argmin finds s⃗ minimizing || · ||0. This NP-hard problem can be relaxed to a
convex ℓ1-minimization if M satisfies the Restricted Isometry Property (RIP), again true for
Gaussian or Bernoulli cases.

1.2. The Nyquist Folding Receiver

The NYFR shown in Figure 2 folds RF subspaces using a modulated local oscillator (LO):

sLO(t) = sin(φs1(t)) = sin(2π fs1t + θs1(t)),

with angular frequency ωs1 = 2π fs1. The narrowband modulation satisfies max
∣∣∣ dθs1(t)

dt

∣∣∣ ≪ fs1

and is defined as
θs1(t) =

f∆

fmod
sin(2π fmodt). (3)

This sweeps the LO frequency across fs1 ± ∆ f , requiring fs1 = Q fmod, where Q is a positive
integer to maintain RIP [9]. A pulse train ∆(t) from LO zero crossings can be expressed as

∆mod(t) = p(t) ∗ dφ(t)
dt ∑

k
2πδ(φ(t)− 2πk), (4)

where modulation disrupts uniform spacing. Multiplying by the wideband input xWB(t)
applies the Nyquist–Shannon theorem, folding components into the LO-defined baseband
consistent with the Union of Subspaces (UoS) model [10].

Figure 2. Nyquist Folding Receiver block diagram.

Mixing produces ymixed(t) with baseband frequencies

fbase = | fC − fs1kH |, kH = round
(

fC
fs1

)
.

A low-pass filter with cutoff
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fcuto f f =
fs1

2

suppresses aliases, yielding yfiltered(t) with induced modulation Mθs1(t), where M is an
integer scale factor. Finally, a conventional ADC samples at fs2, near but not equal to the
average rate fs1 of ∆mod(t), producing y[m] = yfiltered(mt) where 0 ≤ m < P. This last stage
acts like time-domain decimation, multiplying by the ADC’s sampling train δTs(t) without
introducing new modulation.

Once the compressed input signal is collected, a CS algorithm reconstructs the original
signal from measurements, as shown in Figure 1b. Reconstruction accuracy depends on
the reconstruction matrix Θ = MΨ−1 as shown in Figure 3 [11], which serves as input
to the CS recovery for the NYFR as shown in Figure 1 [2]. The NYFR sampling model
specifies vector and matrix dimensions: P measurements by the ADC, and y[m] by the
measurement vector. The number of positive folds Z = N/P relates Nyquist frequency fnyq

and LO frequency fs1 by fnyq = Z· fs1
2 , set by the wideband filter cutoff fcuto f f . For example,

if fcuto f f = fnyq = 1 kHz and fs1 = 100 Hz, then Z = 20. The universal basis is Fourier
Ψ = F , so X = F (x⃗). The inverse transform Ψ−1 is a block diagonal matrix with blocks D
formed from sub-blocks U and L:

D =

[
Ψ−1
+ 0
0 Ψ−1

−

]
=

[
U 0
0 L

]
(5)

where Ψ−1
m,n = e

2π jmn
P .

y[0]
...

y[P]

 =
[
IP| . . . |IP

]



S0
S1

. . .
SZ

S∗
Z

. . .
S∗

1
S∗

0




U

L

⌋
. . . ⌈

U
L


 s[0]

...
s[N]



y[m] R S Ψ−1 s[n]
P × 1 P × 2ZP 2ZP × 2ZP 2ZP × ZP ZP × 1

Figure 3. Real valued sampling model for the NYFR.

The measurement matrix M = RS, where R projects Z NYFR zones onto the base-
band of P samples, and S is a conjugate-symmetric diagonal matrix modulating each
zone over time. Each sub-block Sn = L⃗O · IP, where L⃗O contains sampled LO elements
LOn = ejMΘ(tadc) at ADC sample times tadc. The modulation index M = 0,±1,±2, . . . ,±Z
defines the original signal frequency and peak deviation MF∆, with the sign indicat-
ing the sideband and a 90° shift for negative modulation. Thus, S comprises two
conjugate-symmetric blocks with the common time modulation pattern scaled by each
zone’s M value.

2. SpectraMelt
The promise of CS to recover sampled signals having bandwidths beyond the Nyquist

frequency has led to extensive research on A2I architectures, with numerous designs
proposed to reduce power consumption compared to traditional ADCs [12]. While current
A2I implementations do offer measurable power savings, conventional ADC architectures
still surpass them in terms of achievable sampling rates [6]. For A2I technology to move
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beyond experimental use and achieve mainstream adoption, it will be essential to identify
and refine the most capable designs. Modeling and simulation play a critical role in
this process, enabling not only rigorous comparison of candidate architectures but also
the exploration of hybrid approaches that combine the strengths of multiple methods.
Furthermore, simulation provides a foundation for developing innovative signal recovery
algorithms, ultimately helping close the performance gap between A2I converters and
traditional ADCs. The NYFR was selected for simulation because of the compelling
qualitative analysis performed here [13].

Simulation requires the application of models within a virtual RF signal environ-
ment. There are multiple platforms available for generating these virtual environments,
with Matlab being a popular choice due to its flexibility and speed through the use of
specialized toolboxes. Its widespread adoption is exemplified by its use in the analysis
performed here [11]. However, Matlab requires a paid license, which can limit access and
reproducibility across organizations, whereas open source alternatives are freely available
and facilitate collaborative development. Because of these considerations, an open source
model was selected for this work. Among existing options, GNURadio stands out as
a mature framework widely used across research, industry, and academia for software-
defined radio (SDR) applications and simulations. Built on Python, GNURadio offers a rich
library of signal processing blocks enabling complex transmit and receive architectures. Yet,
its simulated environment has limitations, such as timing mismatches causing spurious
frequency signals and limited environmental control, which constrain detailed testing of
A2I architectures.

To overcome these issues while leveraging Python’s flexibility and compatibility with
GNURadio, a custom RF simulator directly implemented in Python is proposed for greater
environmental control and integration with neural network tools. This simulator began
development here [7] with the creation of an NYFR digital twin to establish functionality.
However, attempted reconstruction using several different CS recovery algorithms yielded
inaccurate results. A refactoring of the code into more traditional object-oriented methods
was needed before a root-cause analysis could be conducted. By refactoring the code,
a more mature simulator, SpectraMelt v1, was developed in Python 3.12 and used for both
data collection and analysis.

Unit testing against SpectraMelt followed the sequence diagram shown in Figure 4,
which provides a clear visual overview of the testing workflow, illustrates module in-
teractions, and allows readers to understand the code’s behavior without presenting the
actual source. Currently, all signal generation, including time domain input signals, is
carried out within a single, monolithic, Python class. The next iteration of SpectraMelt will
decompose this into multiple, independent classes. This modularity will promote ease of
use, greater logging capabilities, and expansion of A2I architectures that can be simulated.
Another benefit of this will be a reduction in the number of external libraries that will be
needed to install SpectraMelt, relying almost solely on Numpy only, and the ability to
install using pip. All data paths and software operations have been optimized to allow for
OS-agnostic operation.

This testing, along with expert advice, led to the discovery that the frequency of the
underlying simulator time was not sufficient to represent analog signals. Originally, input
signals leaving the wideband filter were used as the simulator time base. By creating an
‘analog’ input signal using a vector with time steps much smaller than the one originally
used for the output from the wideband filter, overall fidelity of SpectraMelt was improved.
Figure 5 gives an example of how the input signal shape in the time domain more accurately
represents an analog signal at this time scale versus the original version, highlighting the
importance of selecting an appropriate simulator frequency.
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Figure 4. Nyquist Folding Receiver sequence diagram. Dashed arrows indicate return messages from
function calls.

Figure 5. Simulated analog vs. wideband-filtered fsim = 1 MHz vs. fwb = 400 Hz input tones at 25 Hz,
255 Hz, and 395 Hz.

https://doi.org/10.3390/signals7020025

https://doi.org/10.3390/signals7020025


Signals 2026, 7, 25 7 of 14

3. Improved A2I Recovery
Now that SpectraMelt is producing accurate compressed samples, the next step is to

show how it can be leveraged to improve A2I designs. One way to do this is to produce a
new CS recovery method within the simulator that exceeds current, state-of-the-art-practice,
traditional iterative CS recovery methods in terms of speed and recovery accuracy. Machine
learning (ML) is a signal processing technique that has exploded in popularity in recent
years. The most successful ML technique has been the Artificial Neural Network (ANN)
originally developed by psychologist Frank Rosenblatt in 1958 [14]. While ANNs have
been applied to virtually every problem space thanks to the rise of Large Language Models
(LLMs), only recently have they been applied to A2I. In 2023, a team from the University of
Electronic Science and Technology of China used LLMs to try and classify the compressed
output of the NYFR against a group of radar signal types [15].

The ANN chosen for implementation within SpectraMelt to decompress NYFR out-
puts is called the Multilayer Perceptron (MLP). An MLP is a simple feedforward network
that maps fixed-size inputs to outputs, while an LLM is built on the transformer architec-
ture with self-attention, enabling it to capture long-range dependencies and contextual
relationships in variable-length sequences. The architecture of the MLP implemented here
is modeled after a more advanced architecture inspired by sparse Bayesian learning (SBL)
called Learned-SBL [16]. This new network contains an input layer, one hidden layer,
and one output layer. Each layer is fully connected with the previous layer. The input layer
contains the same number of inputs as the number of samples captured at the simulated
output of the NYFR. The hidden and output layer perceptrons all contain the same number
of outputs as the uncompressed input signal. A toy example with four nodes per layer is
shown in Figure 6.

Figure 6. SpectraMelt MLP with N = 4.

Typical activation functions such as the Rectified Linear Unit (ReLU) are applied to
perceptron outputs when the network is performing classification tasks, constraining the
value between zero and one. Because the network uses unsupervised training, the output
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from an MLP layer cannot be constrained this way, leading to the activation function
factivation given by

factivation =
n

∑
i=1

xnwn (6)

This means that the output from each layer is just a linear combination of the inputs from
the previous layer.

Another consideration is the type of loss function used to train the network during
back-propagation. Initially, a mean absolute error (MAE) loss function was selected as
it calculates the average of the absolute differences between predictions and true values.
This seemed in line with the traditional CS principle from Equation (2) where the recovery
problem is relaxed to a convex ℓ1-minimization problem by setting p = 1. In reality, this
spread the error for the training over every output node, resulting in no signal recovery,
only output noise. A custom root-mean-squared error (RMSE) function ferror given by

ferror = RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (7)

was created for the network to obtain the desired results.

3.1. Dataset Creation

With a working MLP implementation in place, it was time to create datasets from the
NYFR digital twin. These datasets would serve three purposes:

• Training data for the new MLP;
• Signals used for recovery to assess MLP performance versus other CS recovery algorithms;
• Assess the impact of varying NYFR LO parameters on data recovery.

The datasets were created as an extension of the simulator settings found here [7],
with fsim = 1 MHz, fwb_ f ilt = 400 Hz, fADC = 100 Hz, fLO = 100 Hz, flp_ f ilt = 50 Hz,
tstart = −2 s, and tstop = 2 s. This sets the number of positive Nyquist Zones Z = 8.

Each input dataset Finput was generated from a list of all the possible integer input
frequencies that can exist within the wideband filter range. In this case, the possible
frequencies Fpossible = ( f1, f2, · · · , fmax), where f1 = 1, f2 = 2, · · · , fmax = 400, giving the
total number of possible frequencies npossible = 399. Every Finput comprises input signals
with tones drawn from Fpossible and taking n at a time with n = (1.2), 3, 4, 5, resulting in a
total of four sets containing 79,800 signals per set. The individual tones within each input
signal had random amplitudes between 0.5 and 1 taken from a uniform random variable.
The input signals created in these initial datasets are idealized to show the functionality of
SpectraMelt and quickly compare implemented recovery algorithms. This means that no
noise is added to them and signal tones are expressed as linear measures of magnitudes
instead of the typical dB.

Recovery algorithms for the NYFR are directly influenced by how the LO parameters
are tuned, since these parameters govern the modulation index and resulting frequency
zone definitions. Specifically, the modulation index M uniquely determines the mapping
of signals into frequency zones, but it is only valid under the condition that the clock
modulation θ(t) remains narrowband. This requires the maximum rate of change in θ(t)
given by

max
∣∣∣∣dθ(t)

dt

∣∣∣∣ = max|2π f∆ cos(2π fmodt)| = 2π f∆ (8)

to be much smaller than 2π fLO. In practice, this translates to at least two orders of magni-
tude of separation between the modulation deviation f∆ and the local oscillator frequency
fLO. Furthermore, the system is typically constrained such that fLO = fADC, tightly linking
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the oscillator design to the sampling process and imposing additional structure on the
recovery algorithms.

Selection of specific LO parameters within the current literature relies on Monte Carlo
simulations to select appropriate values within the constraints given above [11]. This search
was performed by first developing some qualitative analysis about LO parameter selection
and then using recovery results from a single CS recovery algorithm. Understanding how
to select appropriate LO parameters also requires understanding how the LO signal modu-
lation affects the shape of the modulated pulse train ∆mod(t) in both time and frequency
domains using the analysis performed here [7]. The modulation frequency fmod must be
tuned to match the size of the zones created by the NYFR with some integer multiple of the
width of the LO frequency domain lobes. The matching of lobe widths will reduce mutual
coherence between zones, increasing recovery accuracy.

Beyond the analysis and constraints to the LO parameters just described, there is
currently no prescription on which specific values to select for fmod and f∆ given fadc and
fwb f ilter, meaning that some Monte Carlo simulations are still required. On top of that, there
has been little analysis to determine if these values are specific only to one selected CS
recovery algorithm. SpectraMelt helps address these issues by generating Foutput datasets
for the NYFR with varying LO parameters of the digital twin. For the system parameters
used to create each Finput, the following list of LO parameters was used to create 16 unique
Foutput datasets: fmod = 0.1, 0.2, 0.25, 0.5, f∆ = 0.1 fmod, 0.8 fmod, 1.2 fmod, 10 fmod. These LO
parameters were also used to create CS recovery dictionaries needed for reconstruction
based on Figure 3.

3.2. Compressed Data Recovery

Improvements to ΘNYFR based on comparisons between the actual output of the
NYFR Digital Twin y⃗NYFR and the approximation given by ŷmodel = ΘNYFR x⃗ was dis-
cussed in [7]. However, this approach is flawed. What is really needed is adjustments
based on the initial guess x̃ = Θ†

NYFRy⃗NYFR, where Θ†
NYFR is the pseudoinverse of the

NYFR recovery dictionary. Graphical examination of x̃ applied to Digital Twin outputs
shows that orientation mismatches are corrected using the pseudoinverse. The magnitude
discrepancies are also corrected within iterative CS algorithms by normalizing the output
x̃ = Θ†

NYFR(y⃗NYFR/⃗ynorm). To correct for magnitude mismatches within the MLP training
data and improve reconstruction speed, X̃ is created by pre-multiplying the measurement
matrix with a magnitude correction factor to give x̃ = ( fADC/4)Θ†

NYFRy⃗NYFR. An example
signal is shown in Figure 7.

Figure 7. Initial CS recovery guess vs. NYFR outputs: frequency domain.
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In this initial implementation, the magnitude correction factor was selected empirically
as a quick, practical means of aligning the pre-multiplication signal with the original input
waveform and ensuring that the resulting frequency-domain magnitudes remained within
a small percentage of their true values. This ad hoc choice provided inputs of an appro-
priate scale for effective MLP training, but it is not a principled or generalizable solution.
The correct approach is to normalize all input and output signals prior to training so that
the network operates on consistent, statistically comparable input ranges. Full-signal nor-
malization eliminates the need for manual correction factors and supports reproducibility
across datasets, hardware configurations, and noise environments. Implementing a rigor-
ous normalization pipeline is a priority for the next major revision of SpectraMelt, where
this temporary workaround will be replaced with a theoretically grounded, systematically
optimized preprocessing stage. This will also enable the use of more complex activation
functions—such as Softmax or Sigmoid—that assume inputs and outputs confined to
well-defined numerical ranges (e.g., [0, 1]), ensuring stable gradients and more reliable
convergence during training.

MLPs are trained using supervised learning, where the network weights are optimized
over many passes through the dataset to minimize a loss function that maps inputs to
desired outputs. In the present work, training begins by splitting the dataset into training
and test partitions. The network is then trained for with a maximum number of epochs
set, with each epoch processing the training data in batches of a specified number of
training signals. Batch-based optimization significantly reduces memory requirements and
accelerates convergence compared to processing the entire dataset at once. During each
epoch, the model shuffles the training samples to reduce overfitting and ensure that gradient
updates are not biased by sample ordering. These design choices favor stable optimization
and permit efficient use of compute hardware, allowing MLPs to learn complex nonlinear
mappings that iterative sparse-recovery algorithms cannot represent.

To further control training cost and prevent unnecessary computation, early stopping
is employed through a set of configurable parameters. The training process monitors
a chosen metric—monitor, typically “val_loss”—and halts if improvements fall below a
minimum threshold delta for a specified number of epochs. In typical training workflows,
“val_loss” represents the model’s error on a held-out validation set, providing an unbiased
estimate of how well the network generalizes to unseen data and serving as the primary
metric for guiding early stopping. Early-stopping checks are delayed until enough epochs
have passed to establish a meaningful performance trend. Together, these mechanisms
provide a principled way to limit training duration and computational expenditure, in
contrast to iterative methods, which must solve a new optimization problem for each
input instance. Once an MLP is trained, inference is effectively instantaneous, making the
up-front training cost a one-time expense that yields substantial runtime speed advantages.

There is a need to systematically compare the performance of this new MLP network
against the previous state-of-the-art iterative CS recovery methods. Orthogonal Matching
Pursuit (OMP), Spectral Projected Gradient for L1 minimization (SPGL-1), and Iterative
Hard Thresholding (IHT) were added to SpectraMelt as the state-of-the-practice methods
because of their relative successes in CS recovery. The OMP algorithm used for reconstruc-
tion was modified from the original algorithm within the Scikit-Learn Python library to
allow for complex valued dictionaries. A custom complex version of IHT was also created
based on [17]. SPGL-1 reconstruction was implemented using the SPGL1 Python library
found in the PyPi repository.

The input and output datasets from the previous section have been recovered using
four separate CS recovery algorithms incorporated into SpectraMelt: IHT, OMP, SPGL1,
and the newly trained MLP network. Several assumptions about the recovery results

https://doi.org/10.3390/signals7020025

https://doi.org/10.3390/signals7020025


Signals 2026, 7, 25 11 of 14

should be mentioned before discussing the recovery results. One is that the IHT algorithm
was given the correct number of unknown tones a priori. This was carried out for baseline
results, as IHT is the oldest of the four algorithms. No other algorithm had this knowledge.
Secondly, an individual MLP network was trained per signal set, for a total of four networks.
These networks only recovered signals with the corresponding number of tones per signal.
This was carried out because the training of the same MLP on different datasets caused
catastrophic forgetting, a well-known limitation of MLPs when trained on tasks sequentially.
Catastrophic forgetting refers to the tendency of neural networks to lose previously learned
information when trained on new tasks. Various strategies, such as regularization or
memory-based methods, have been proposed to mitigate this effect [18].

For each recovery set, several metrics were used to assess the quality of the recovered
signals. In order for a signal tone to be considered recovered, it must first exactly match
one of the input tone frequencies. If the magnitude exceeds half of the original tone’s
magnitude, then the signal tone is marked as recovered. If any recovered signal also
exceeds this threshold but does not match an input tone frequency, it is considered a
spur. The average magnitude error of the recovered signals is considered along with the
average magnitude of the spurs. The recovery accuracy is found by dividing the number
of recovered signals by the total number of input signals. The spur rate divides the total
number of spurs by the total number of input signals. An example of signal recovery from
each recovery method in SpectraMelt is shown in Figure 8.

Figure 8. SpectraMelt-recovered NYFR outputs: frequency domain.

One of the broad questions that this work is trying to answer is “What are the specific
NYFR LO settings that maximize reconstruction?” From the results obtained by the three
iterative algorithms, no effect on signal recovery was seen by varying LO parameters.
However, there were variations seen from the MLP recovery results which seemed to favor
fmod = 0.25. No accompanying variations were seen by different f∆ values with the previ-
ous frequency across all datasets. It should be noted that the standard deviation in recovery
accuracy between different datasets and LO parameters never exceeded 0.009 from the
MLP recovery results. These results together seem to suggest that there is no preferable LO
parameter setting as long as the previously stated constraints are held. This matches the
previous analysis performed, showing that f∆ and fmod jointly constrain the system’s dy-
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namic reconstruction range, balancing signal recovery, zone identification, pulse resolution,
and phase-noise limitations [11].

Table 1 shows the compiled results from the NYFR digital twin simulations using
the datasets described in the previous two sections. All reported values are averages over
100 recovered signals. This table shows a clear distinction between the IHT and OMP
algorithms. The a priori knowledge given to the IHT improved the average spur rate
produced by the algorithm. It did not, however, improve the reconstruction accuracy,
as this is the main measure of a selected CS algorithm’s performance. This shows that the
OMP is a better CS algorithm for the NYFR than the IHT. There is also a clear distinction
between the two older algorithms, IHT and OMP, versus the newer two, SPGL1 and MLP,
in terms of recovery accuracy. Of final note, the MLP network’s recovery accuracy is on
average about double that from SPGL1, 63.8% vs. 38.3% as computed from the values in
Table 1, while almost completely eliminating spurs.

Table 1. Comparison of recovery methods across different tone counts.

Tones Method Rec. Acc. Spur Rate Mag. Err. Spur Mag.

1–2 IHT 32.25% 58.75% 0.367 1.05
3 IHT 32.83% 65.83% 1.053 1.09
4 IHT 29.63% 70.38% 1.685 1.17
5 IHT 28.9% 71.10% 2.480 1.15

1–2 OMP 34.5% 191% 0.291 52.46
3 OMP 33.17% 146% 0.905 8124
4 OMP 31.5% 117% 1.784 131.47
5 OMP 32.3% 100% 2.721 185.59

1–2 SPGL1 50% 129% 0.574 0.825
3 SPGL1 40.3% 88.8% 1.32 0.725
4 SPGL1 33.5% 58.5% 2.14 0.730
5 SPGL1 29.4% 46% 2.933 0.670

1–2 MLP 78.3% 1% 0.83 0.723
3 MLP 68.7% 1% 1.58 0.763
4 MLP 56.4% 1.8% 2.31 0.629
5 MLP 51.9% 1.1% 3.11 0.660

4. Conclusions and Future Work
The previous analysis demonstrates the superiority of the new MLP-based recovery

method over state-of-the-practice CS recovery techniques, while underscoring the impor-
tance of modeling and simulation in advancing A2I architectures. Digital twins enable
the design of novel recovery algorithms and exploration of alternative A2I architectures.
The open-source nature of SpectraMelt will allow researchers to rapidly prototype and
evaluate new designs, accelerating adoption of A2I as NYFR recovery accuracy improves.
The SpectraMelt code will be made publicly available in an online GitHub repository and
was version-controlled using Git version 2.47.1.windows.2 to support reproducibility.

A limitation of the MLP approach is the potentially long training time, though most of
this cost is concentrated in generating the pre-multiplication initial guess. Loading new
dictionaries into a signal processing chain should be manageable, except when hardware
implementation is required. In practice, alternative LO settings may not even be necessary.
Techniques such as Learned-SBL could enable adaptive behavior, while dataset mixing
strategies can mitigate catastrophic forgetting. In this work, the MLP is trained for a fixed
tone count, and its performance is evaluated under that constraint. We acknowledge that
generalization is an important consideration for practical deployment. Although it is
theoretically possible for a single neural network to learn a representation that supports
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variable tone counts, this capability has not yet been validated within the current study.
Future work will investigate whether a unified model can reliably generalize across different
sparsity levels without retraining.

More representative NYFR datasets can be generated by incorporating environmental
effects such as additive white Gaussian noise (AWGN), phase noise, and signal tones in
realistic ranges (e.g., 2–3 GHz). Non-integer input frequencies should also be included,
with input magnitudes and recovered outputs expressed in dB to better capture signal-to-
noise relationships. An enhanced NYFR digital twin can further model quantization effects
in the ADC, allowing metrics such as SINAD and ENOB to be computed. Testing the MLP
on signals beyond five tones will demonstrate its generalization capability. The flexibility
of SpectraMelt also supports compound A2I architectures, such as the Nyquist Folding
Wavelet Bandpass Sampler (NFWBS), which combines the NYFR with the Non-Uniform
Wavelet Bandpass Sampler (NUWBS) [19]. This architecture can be validated within Spec-
traMelt by implementing its CS measurement model and verifying signal reconstruction.
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