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Abstract: It may be helpful to integrate multiple aircraft communication and navigation functions into
a single software defined radio (SDR) platform. To transmit these multiple signals, the SDR would first
sum the baseband version of the signals. This outgoing composite signal would be passed through a
digital-to-analog converter (DAC), before being up-converted and passed through a radio frequency
(RF) amplifier. To prevent non-linear distortion in the RF amplifier, it is important to know the peak
voltage of the composite. While this is reasonably straightforward when a single modulation is used, it
is more challenging when working with composite signals. This paper describes a machine learning
solution to this problem. We demonstrate that a generalized gamma distribution (GGD) is a good fit
for the distribution of the instantaneous voltage of the composite waveform. A deep neural network
was trained to estimate the GGD parameters, based on the parameters of the modulators. This allows
the SDR to accurately estimate the peak of the composite voltage, and set the gain of the DAC and RF
amplifier, "without having to generate or directly observe the composite signal."[1]

Keywords: gain estimation; digital to analog converter; software defined radio; aircraft communication;
signal processing; deep learning

1. Introduction
Aerospace vehicles often require multiple connectivity applications for navigation, telemetry,

communications, and a host of other applications [2]. "As shown in Figure 1, these links may be
through air-to-ground, satellite, and with other high altitude platforms and networks [2]."[1] Legacy
systems that use dedicated hardware devices for each link can be difficult to integrate and maintain.
Interconnecting these systems can require wiring harnesses that substantially increase the weight
and cost of the vehicle [3]. These costs, coupled with the complexities of modifying, integrating,
troubleshooting, and maintaining new applications within hardware-dependent systems—especially
those with extensive cabling—pose significant operational challenges [1,4].

"Amrhar et al. [5] demonstrated that an SDR-based integrated modular avionics architecture could
significantly reduce the size, weight, power usage, and cost in an aircraft."[1] Software-defined radios
(SDR) allow designers to support multiple communication protocols on a single hardware platform. An
SDR can generate multiple baseband waveforms for the various links they support, and then in a single
operation up-convert and transmit them using a single hardware transmitter [6]. By summing signals
in the digital domain, no additive noise is introduced prior to the digital-to-analog converter, ensuring
a clean composite waveform. The flexibility of reprogramming an SDR without hardware changes can
give designers greater flexibility and assist in the troubleshooting and maintenance processes [1].

"Multiple radio waveforms can be generated in a single SDR as illustrated in Figure 2. In this
system, the SDR generates waveforms for each application then sums them into a single digital
waveform."[1] A digital-to-analog converter (DAC) produces an outgoing composite analog signal,
which is up-converted and transmitted. To minimize quantization error, while still avoiding the
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nonlinear clipping of large signals, it is important to carefully select the input gain of the DAC. The
composite signal’s peak amplitude is a key determinant of the optimal gain setting (G = α

u ), where
αV represents the DAC’s range and uV denotes the peak voltage of the composite signal, as further
illustrated in Figure 3.
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Figure 1. "Typical communication links of an aircraft."[1]
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Figure 2. "SDR-Based implementation of an aircraft’s communication links."[1]
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Figure 3. Time domain representation of a composite signal.

"Estimating the DAC’s gain for an individual signal is relatively straightforward, as the peak
amplitude is generally well-understood, even considering distortion from a pulse-shaping filter."[1]
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The estimate can become challenging for composite signals due to the unpredictable superposition that
occurs when an SDR must sum signals from multiple applications to form a composite signal. One
method for gain estimation involves a closed-loop system, adjusting the gain after the signal has been
observed for some time. The signal may suffer from high quantization noise, or clipping, during the
time required for the loop to reach the optimal level. The SDR could perform this operation in advance
of having to transmit data, but that could substantially increase the SDR’s computational load.

To overcome this challenge, we propose a deep learning (DL) based technique to estimate statistical
distribution of composite signal’s amplitudes. Our method relies exclusively on the parameters used
to generate the component signals such as: modulation type, power levels, data rates, normalized
frequency, and the number of applications; thereby, eliminating the need to generate or observe the
composite signal to estimate DAC’s gain [1]. This approach dynamically adapts the gain of the DAC
to rapid changes in SDR configuration, ensuring use of DAC’s full range across varying scenarios.

"Deep learning (DL) has grown in popularity in recent years due to the dramatic increase in the
availability of computing power [7,8]. This success has led to an increased interest in the application of
DL in communications and signal processing [9,10]."[1] For instance, convolutional neural networks
(CNNs) have been widely used for automatic modulation classification (AMC) by leveraging input
features like constellation diagrams [11] and long-symbol rate signals [12]. Nambisan et al. [13]
generated hybrid images using scalograms and IQ plots to reduce training time through transfer
learning. Similarly, CNNs have been applied for channel state information (CSI) estimation by treating
the time-frequency response of fast-fading channels as 2D images [14], while advanced architectures
have integrated CNNs with long short-term memory (LSTM) networks for 5G wireless systems [15].
Attention-based mechanisms have also been employed for CSI estimation, using transformer encoder
architectures to focus on critical features and improve performance [16]. Beyond CSI estimation, Ye
et al. [17] demonstrated the use of deep neural networks (DNNs) for end-to-end channel estimation
and symbol detection in orthogonal frequency-division multiplexing (OFDM) systems. Additionally,
O’Shea et al. [18] trained an LSTM-based recurrent neural network for radio anomaly detection by
predicting time-series data and comparing the expected error distribution with a well-characterized
signal for non-anomalous behavior. Ma et al. [19] proposed an attention-based deep separation
network for co-frequency modulated communication signals.

Another area where deep learning has shown promise is in regression-based applications, where
deep neural network (DNN) regression models are used to estimate relationships between input
and output variables. In particular, "regression analysis is useful for predicting continuous-valued
estimation targets based on a given D-dimensional vector x of independent input variables [20]."[1]
Sun et al. [21] demonstrated that a DNN can approximate signal processing algorithms by treating
the input-output relationship as an unknown non-linear mapping, with training samples generated
through optimization algorithms. This technique has also been applied in mobile terminal usage
pattern estimation [22], as well as for CSI estimation [23]. The predictive power of regression analysis
in estimating continuous variables makes it particularly useful for the task of estimating the statistical
distribution parameters of composite signal amplitude levels in this study[1].

"This article is an extension of [24], where the authors demonstrate a method to estimate DAC’s
gain using statistical moments. This article demonstrates that a composite signal generated by summing
signals with different modulation techniques, power levels, data rate, and normalized frequencies
has voltage levels that adhere to the GGD [25]. We simulate a dataset of 100 000 composite signals,
calculating their respective GGD parameters. This dataset is utilized to train a DNN for regression,
where the inputs are modulation technique, power level, data rate, the normalized frequency of each
component signal, and the count of signals combined. The DNN’s output targets are the parameter
values of the composite signal’s GGD.

The remainder of this paper is organized as follows: Section 2 discusses the generation of
composite signals and their statistical distribution. Section 3 outlines the application of DNN regression
for estimating the statistical distribution parameters of the summed signals. Section 4 presents
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simulation results for the proposed multi-output DNN regression technique and compares these with
other regression methods. Finally, Section 5 concludes the paper."[1]

2. Composite Signal’s Distribution and the Dataset
"This section describes how an outgoing composite signal is generated using multiple M-ary

quadrature amplitude modulated (MQAM) signals. The residual sum of squares (RSS), and Kullback-
Leibler (KL) divergence [26] are used to determine a theoretical distribution that closely fits the voltage
distribution of the summed signal. This theoretical distribution is used to generate a dataset to train a
DNN to estimate the distribution’s parameters."[1]

2.1. Composite Signal

"The composite signal is generated by adding multiple component signals with varying modula-
tion orders, data rates, power levels, and normalized frequencies. The number of component signals
are chosen randomly between two and ten, inclusive. The component MQAM signal has the following
form:

sm(t) = Ai,mg(t)cos(2π fct) + Aq,mg(t)sin(2π fct) (1)

where sm(t) is the MQAM signal, Ai,m and Aq,m are the in-phase and quadrature-phase amplitude
levels, g(t) is the pulse shaping filter, fc is the baseband carrier frequency, and m = 1, 2, 3, ...M is the
modulation order of MQAM signal. A composite signal can then be represented as:

c(t) =
N

∑
n=1

pnsm(t) (2)

where c(t) represents the composite signal, N is the number of MQAM signals added, and pn denotes
the power factor.

The modulation order, M, of the MQAM component signals is uniformly sampled from the
set of eight values described in Table 1. The data rate, power level, and normalized frequency of
the component signal are uniformly sampled from the ranges listed in Table 1, with power levels
uniformly distributed on a dB scale."[1] Normalized frequency is the frequency relative to the center
of the radio frequency band of interest, and distributed in increments of 1 kHz. "Figure 4 shows the
power spectrum of a representative composite signal generated by adding ten component signals."[1]
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 (d

Bm
)

Frequency (kHz)
Figure 4. "Frequency domain representation of a composite signal."[1]
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Table 1. "Range of parameters used to generate composite signals."[1]

Parameter Range

Modulation order {2, 4, 8, 16, 32, 64, 128, 256}
Data rate [1, 10] kbps

Power level [−30, 0] dBm
Nomalized frequency [−60, 60] kHz

Number of component signals [2, 10]

2.2. Distribution Fitting

To determine a suitable statistical distribution for representing the voltage levels of composite
signals, we first fit continuous statistical distributions listed in [27] to the data using RSS [1]. The
RSS score quantifies how well the fitted distribution replicates the individual sample data points
by measuring the sum of the squared differences between the observed values (yk) and the values
predicted by the fitted distribution (ŷk). "The RSS score, RSS, is defined as:

RSS =
K

∑
k=1

(yk − ŷk)
2 (3)

where K is the number of data samples, yk is the kth data sample, and ŷk is an estimate of yk from the
fitted distribution."[1] The parameters for each candidate distribution are optimized by minimizing
RSS, which provides the closest fit of the statistical distribution to the data.

Once the parameters of the fitted distributions were optimized using RSS, KL-divergence was
calculated to evaluate how well the theoretical distribution, generated with the optimal estimated
parameters, aligned with the composite signal’s voltage distribution [1]. KL divergence measures the
relative entropy between two probability distributions that indicates how much information is lost
when the fitted distribution (Q) is used to approximate the true distribution of the signal (P). "For
discrete probability distributions P and Q, the KL divergence score from Q to P is defined as:

DKL(P ∥ Q) = ∑
x∈Φ

P(x)log
(

P(x)
Q(x)

)
(4)

where P represents the composite signal’s samples, and Q represents theoretical distribution with op-
timal estimated parameters, and Φ is the probability space."[1] A lower DKL value indicates a better
approximation, with DKL = 0 meaning that the fitted distribution Q is identical to the true distribution P.

To compare the quality of each fitted distribution, we computed the mean, µ, and standard
deviation, σ, for both RSS and DKL scores across 1000 instances of composite signals. The standard
deviation, σ, describes consistency of fit; a lower σ suggests that a distribution performed consistently
well across different composite signal instances.

Table 2 highlights the four distributions with the lowest RSS and DKL scores, signifying their close
approximation to the composite signals’ behavior. Figure 5 illustrates the probability density function
(PDF) of these distributions when fitted to a composite signal comprised of ten component signals,
illustrating the efficacy of each in modeling the signal’s statistical properties.

Table 2. "SSE and KL-Divergence scores for the four distributions fitted to composite signals."[1]

Distribution RSS (µ ± σ) KL Divergence Score (µ ± σ)

Beta 0.2637±0.3544 0.0020±0.0018
Chi 0.5200±0.6494 0.0065±0.0047

Generalized Gamma 0.0922±0.2189 0.0007±0.0009
Rice 0.2342±0.4192 0.0025±0.0031

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 January 2025 doi:10.20944/preprints202412.0720.v2

Peer-reviewed version available at Signals 2025, 6, 3; doi:https://doi.org/10.3390/signals6010003

https://doi.org/10.20944/preprints202412.0720.v2
https://doi.org/https://doi.org/10.3390/signals6010003


6 of 17

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Amplitude (V)

0.0

0.1

0.2

0.3

0.4

0.5

0.6
F

re
qu

en
cy

Beta
Generalized Gamma
Rice
Chi

Figure 5. "Four common distributions that closely fit composite signals."[1]

Given that the GGD consistently yielded the lowest combined RSS and DKL scores, we use it
to represent the voltage distribution of composite signals. "For a voltage level, v, the PDF and the
cumulative distribution function (CDF) of v are described in (5) and (6) respectively as follows:

f (v; s, a, b) =

(
b
sa

)
va−1e−(

v
s )

b

Γ
( a

b
) (5)

F(v; s, a, b) =
γ
(

a
b ,
( v

s
)b
)

Γ
( a

b
) (6)

where s, a, and b are the parameters of the GGD, Γ
( a

b
)

is the gamma function, and γ
(

a
b ,
( v

s
)b
)

is the
lower incomplete gamma function."[1]

To link the DAC’s gain, G, with the PDF of the transmitted signal, we consider the DAC’s clipping
level, α, and aim to scale the signal’s amplitude to match α based on a specific percentile of the GGD.
The optimal DAC’s gain, G, can be defined as:

G =
α

F−1(θ; s, a, b)
(7)

where F−1(θ; s, a, b) represents the inverse CDF (quantile function) of the GGD for a given probability θ

(e.g. the 95th percentile), indicating the voltage level below which a specified percentage of the signal’s
amplitude distribution lies. This calculation ensures the adjusted signal amplitude optimally utilizes
the DAC’s dynamic range, minimizing the risk of clipping and quantization noise.

2.3. Dataset

"To train machine learning algorithms for multi-output regression, a dataset D of R samples
was simulated, where R = 105."[1] First, R composite signals were generated by summing a random
number of component signals, ranging form two to ten. Where each component signal has four
underlying parameters: modulation order, data rate, power level, and normalized frequency, values of
which are randomly sampled from the parameter ranges described in Table 1. To ensure that categorical
features have the same distance among each other in the feature space, we used the one-hot-encoding
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technique to encode parameters modulation order and number of component signals. For modulation
order, we employ one-hot encoding with 9 bits: 8 bits to represent the 8 possible modulation orders and
1 additional bit reserved for the case where the slot if unused (e.g., if fewer than ten signals are present).
Consequently, each component signal is represented by 12 features: 9 bits for the one-hot-encoded
modulation order, plus 1 feature each for data rate, power level, and normalized frequency.

When fewer than ten component signals are present (e.g., only seven signals are added), the
feature vectors for the remaining slots (signals 8, 9, and 10) are set to zero, ensuring the input vector
consistently maintains 12 × 10 = 120 features for the maximum possible number of component signals.
Moreover, we one-hot-encode the total number of added signals (ranging from 2 to 10) into 9 bits. This
yields an additional 9 features, leading to a total of p = 120 + 9 = 129 features per composite signal.

"A GGD distribution was fit on each of the composite signal to calculate GGD’s q = 3 pa-
rameters, shape parameters a and b, and a scale parameter s. Each sample in D has an input
vector of p descriptive variables x(r) = (x(r)1 , ..., x(r)i , ..., x(r)p ), and an output vector of q target vari-

ables y(r) = (y(r)1 , ..., y(r)j , ..., y(r)q ), where i ∈ {1, ..., p}, j ∈ {1, ..., q}, and r ∈ {1, ..., R}. Overall,
the simulated dataset can be described by R samples of of pairs of input and output vectors, i.e.,
D = {(x(1), y(1)), ..., (x(R), y(R))}."[1]

Since each component waveform is generated in the SDR’s digital domain, we do not add any
noise prior to summation. This assumption reflects a key benefit of SDR-based design: the ability to
combine signals noise-free before analog impairments.

3. DNN Regression
"This task involves estimating the parameters of the GGD by learning a multi-output regression

model from dataset D. We find a function, Ψ, that assigns q output targets, y, for each given input
vector, x, of length p [28]. This is expressed as

Ψ : SX1 × ... × SXp → SY1 × ... × SYq

x = (x1, ..., xp) 7→ y = (y1, ..., yq),
(8)

where SXi denotes the sample space of Xi, ∀i ∈ {1, ..., p} and SYj denotes the sample space of Yj,
∀j ∈ {1, ..., q}.

A DNN was used as a multi-output regression technique for GGD’s parameter estimation. As
shown in Figure 6, the DNN has an input dimension of p = 129 for input feature vector x. The input
layer is followed by four dense/hidden layers with 224, 256, 448, and 64 units respectively. "The final
dense layer is followed by an output layer with q = 3 neurons for estimating target vector y, with the
estimates denoted as ŷ.

All the dense layers, the input layer, and the output layer were preceded by a batch-normalization
layer to standardize inputs to a layer for each mini-batch. Mini-batch size was set to 512, and an
exponentially decaying learning rate was used with an initial learning rate of 0.01. The drop-out rate of
the neurons in the network was set to 0.05 to mitigate overfitting of the training data. The dense layers
used the ReLU activation function, thresholding raw scores oi at 0 (i.e. f (o) = max(0, oi)), while the
output layer employed a linear activation function, leaving raw scores unchanged (i.e. f (o) = oi)."[1]
The number of layers, their corresponding number of neurons, batch size, learning rate, and drop-out
rate were determined using Bayesian hyperparameter optimization technique [29].
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Figure 6. DNN used to estimate GGD’s parameters.

4. Experiments, Results, and Analysis
This section outlines the methodology used to train the DNN and the outcomes of deploying it

for estimating GGD’s parameters in composite signals. We suggest using a small deep neural network
(S-DNN) that achieves performance comparable to the DNN with a sufficiently large number of SDR
applications. A typical example is provided to demonstrate the use of the DNN estimates.

4.1. K-Fold Cross Validation

We implemented a 10-fold cross validation technique to use all training samples while performing
robust validation [30]. Ten percent of the dataset was set aside for a hold-out test set. The remaining
90% of the dataset was divided into ten equal folds. We trained the DNN ten times, using nine different
folds, leaving out one fold for validation each time.

Mean Absolute Error (MAE) was used to quantify errors between the target values and the
predictions at the output layer. The error values were then used to perform gradient descent to update
the network’s weights. Early stopping, set with a patience of 100 epochs and a precision threshold of
10−4, was used to halt training when the validation set’s MAE ceased to significantly improve. Figure 7
illustrates the training and validation set’s average MAE trend, averaged across the ten folds, along
with the minimum average validation MAE.
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Figure 7. Average MAE training and validation loss trends across 10-fold cross validation.
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4.2. Performance of the DNN

"We employed several metrics to evaluate the accuracy of the DNN in estimating the parameters of
the GGD: R2 value, explained variance, mean-squared error (MSE), and MAE. Table 3 summarizes the
metric scores for each distribution parameter, along with the overall scores on all three parameters."[1]
The DNN demonstrates the highest accuracy in estimating the scale parameter s, achieving an R2 of
0.9985 and an MAE of 0.0109 on the test set. The similarity between the R2 and explained variances
scores indicates that the mean of the error is close to zero. This suggests that the estimation of the
distribution parameters by the DNN are largely unbiased, which implies the DNN is less prone to
overestimation or underestimation. "Figure 8 reveals the DNN’s challenges in accurately predicting
parameter a values beyond 0.8. The scatter for parameters a and b appears more dispersed compared
to that for parameter s, with parameter b showing the largest contribution to overall MAE and MSE.
This discrepancy is likely due to the higher target values for parameter b, resulting in greater error
magnitudes."[1] Additionally, the smaller magnitude of parameter a compared to parameters b and s
reduces its relative contribution to the loss function during training, leading to less precise estimates
and contributing to the increased scatter observed in Figure 8.
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Figure 8. R2 plot for each of the individual parameters of the GGD, estimated using the DNN.

Table 3. R2, explained variance, MAE, and MSE performance scores obtained by the proposed DNN.

Parameter R2 Explained
Variance

MAE MSE

a 0.9358 0.9358 0.0119 0.0008
b 0.9664 0.9664 0.0442 0.0133
s 0.9985 0.9985 0.0109 0.0003

Overall 0.9669 0.9669 0.0223 0.0048

Figure 9 illustrates how varying the fraction of the total dataset used for training affects the DNN’s
test set accuracy, as measured by the MAE. We observe a marked decrease in the overall MAE as the
proportion of data used for training increases, showcasing rapid improvements in model accuracy.
The rate of MAE reduction diminishes when training involves more than 50% of the data. Beyond this
point, additional data yields only marginal improvements in accuracy, especially for parameters a and
s. Marginal gains can be seen for parameter b until all the training data is exhausted, suggesting that
parameter b’s estimates can potentially benefit from additional training data. The trends suggest that
increasing the dataset size can enhance model performance, but there exists a threshold beyond which
the benefits become incremental.
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Figure 9. Trend in MAE on the hold-out test set with increasing amount of training data, expressed as a percentage
of the total dataset used for training.

4.3. Model Interpretability

Model interpretability is essential, especially in critical applications like aviation. To interpret
the contributions of input features to the model’s predictions we employed SHAP (SHapley Additive
exPlanations) [31], which assigns an importance value to each feature, thereby explaining the model’s
decisions. We grouped the input features into five primary categories: modulation order, data rate,
power level, normalized frequency, and number of component signals.

Table 4 presents the normalized SHAP values (percentage importance) for each feature group
across the estimated distribution parameters a, b, and s, as well as the overall importance. These values
indicate the relative contribution of each feature group to the model’s predictions.

Table 4. Normalized SHAP values calculated for the hold-out test set using the DNN.

Parameter

Feature Groups (%)

Modulation
Order

Data Rate Power
Level

Normalized
Frequency

Number of
Component

Signals

a 42.55 1.57 46.67 1.80 7.40
b 49.94 0.68 39.35 0.75 9.28
s 38.96 0.12 48.87 0.11 11.95

Overall 44.42 0.63 44.30 0.70 9.95

The results demonstrate that modulation order and power level are the most influential features,
each contributing approximately 44% to the overall model predictions. The number of component
signals in a particular composite signal also has a notable impact, contributing around 10%. In contrast,
data rate and normalized frequency have minimal impact on the overall estimation but are more
influential when estimating the shape parameter a.

4.4. Performance as Number of SDR Applications Increase

Figure 10 and Figure 11 demonstrate how the MAE and R2 score change as components are added
to the composite signal. The performance of the DNN is worse when trying to estimate distribution
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parameters for less than six component signals, especially for the shape parameters. Figure 10 shows
that estimates of the shape parameter, s, become less accurate as more component signals are added
to the composite signal, suggesting a trade off between shape and scale parameters as the number of
SDR applications increase.

2 3 4 5 6 7 8 9 10
Number of Component Signals

0.00

0.03
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M
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Parameter 'b'
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Figure 10. Trends in MAE as more component signals are added to the composite signal.
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Figure 11. Trends in R2 score as more component signals are added to the composite signal.

4.5. Small DNN

"Implementing a DNN with 992 hidden-layer neurons across four hidden layers poses significant
computational training costs. To assess efficiency, its performance was compared with that of the S-
DNN, with 100 neurons distributed over three hidden layers (50, 30, and 20 neurons, respectively)."[1]
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Despite using only a tenth of the neurons, the S-DNN achieved an R2 of 0.9270, which is 4.13% lower
than that of the DNN.

Figure 12 compares R2 performance of the S-DNN with the DNN as the number of component
signals increase. The SNN has significantly lower accuracy estimating shape parameter a, when there
are fewer than six component signals. When seven or more component signals are used, the SNN has
comparable performance to the DNN. This provides an alternative to use a model with considerably
fewer parameters when an SDR is supporting sufficiently large number of applications.

2 3 4 5 6 7 8 9 10
Number of Component Signals

0.30
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0.82

1.00

R
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DNN: Parameter 'a'
SNN: Parameter 'a'
DNN: Parameter 'b'
SNN: Parameter 'b'
DNN: Parameter 's'
SNN: Parameter 's'

Figure 12. R2 score comparison for S-DNN and DNN.

4.6. Implementation Details, Computational Resources, and Model Complexity

We used MATLAB to synthesize the raw composite signals, and Python with the SciPy library
[27] to fit distributions to the generated composite signals. The deep learning models were built and
trained using TensorFlow/Keras libraries [32,33] in Python. All experiments were performed on a
personal computer equipped with an Intel Core i7-12700 CPU at 2.10 GHz, 32 GB of RAM, and an
NVIDIA GeForce RTX 3060 TI GPU. Table 5 lists the training time for a training set of 90, 000 samples
and the total number of floating point operations (FLOPs) required per inference for the two models.

Table 5. Training time and number of FLOPs for the DNN and S-DNN models.

Model Training Time (s) FLOPs

DNN 596 459548
S-DNN 407 17096

The modest number of FLOPs, especially for the S-DNN, combined with manageable training
times, indicate that the proposed models are practical for implementation in real-world SDR systems.
The reduced computational complexity of the S-DNN makes it particularly suitable for systems with
limited computational resources or when rapid adaptation is required.

4.7. Comparison with Other Techniques

The performance of the proposed neural networks is compared with following multi-output
regression techniques [1]:

1. Linear Regression (LR) [34]
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2. K-Neighbors Regression (K-NR) [35]
3. Decision Tree Regression (DTR) [36]
4. Random Forest Regression (RFR) [37]
5. Gradient Boosted Regression Trees (GBRT) [38]
6. Support Vector Regression (SVR) [39]

Table 6 presents R2 scores achieved by these techniques, along with those obtained from S-DNN
and DNN. We used Bayesian hyperparameter optimization was employed to search for optimal settings
for these methods [29]. K-NR shows the lowest overall R2 score, indicating its relative ineffectiveness
in capturing the relationships between signal parameters and the distribution parameters. Except for
K-NR, the techniques demonstrated strong predictive capabilities for the s parameter, with the lowest
R2 of 0.6994 achieved by LR.

Table 6. Comparison of R2 scores obtained using different multi-output regression techniques.

Method a b s Overall
LR 0.4926 0.4484 0.6994 0.5468

K-NR 0.4795 0.5297 0.4447 0.4846
DTR 0.5578 0.7218 0.9400 0.7398
RFR 0.7651 0.8527 0.9745 0.8641

GBRT 0.8381 0.8982 0.9928 0.9097
SVR 0.5908 0.6814 0.9142 0.7288

S-DNN 0.8311 0.9548 0.9952 0.9270
DNN 0.9358 0.9664 0.9985 0.9669

The shape parameters a and b proved more challenging to estimate, requiring the use of more
complex models like RFR and GBRT. While ensemble methods performed comparably to the proposed
neural networks for parameter s, the neural networks displayed superior performance in estimating
the shape parameters. This is critical, as the estimation of shape parameters significantly impacts the
prediction of composite signal’s peak amplitudes.

4.8. Typical Example

"To demonstrate a normative scenario, consider a composite signal generated by adding the
signals described in Table 7. Figure 13 compares the CDF of the composite signal’s voltage levels, as
estimated by the DNN,"[1] with the ground truth, showing that the two distributions closely align.
Additionally, we examine three scenarios detailing the probabilities of surpassing specific voltage
levels. For instance, the estimated distribution indicates that 1% of the voltage levels exceed 1.26 V.
Such insights are valuable when determining the DAC’s gain. "For example, if the DAC’s operational
range is α V and G is the gain, then setting G = α

1.26 ensures that only 1% of the signal samples will be
clipped."[1]

Table 7. Features of six component signals used to generate a composite signal.

Modulation
Order

Data rate
(bps)

Power level
(dBm)

Normalized Frequency
(kHz)

64 6753 -23.65 -9
32 5566 -23.05 -44
4 1460 -26.23 -21
8 5518 -22.09 37
16 9751 -10.05 28

256 7993 -5.43 14
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Figure 13. "CDF of the combined signal estimated using the DNN."

5. Conclusion
This study introduces a deep learning based approach to determine the optimal gain of a DAC

in scenarios where an SDR generates multiple baseband signals for aircraft communications. We
identified an analytical distribution that closely models the voltage distribution of the composite signal,
using the RSS fitting method, and found that the GGD fits the composite signal particularly well. We
trained a DNN on simulated composite signal data to estimate the parameters of the GGD. This trained
DNN allows rapid prediction of the composite signal’s voltage distribution as it varies with changes in
the SDR configuration. Utilizing the predicted voltage distribution, the DAC’s gain can be dynamically
adjusted, maximizing its range utilization and minimizing potential signal distortion.
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Abbreviations
The following abbreviations are used in this manuscript:

SDR Software Defined Radio
DAC Digital to Analog Converter
RF Radio Frequency
GGD Generalized Gamma Distribution
DL Deep Learning
DNN Deep neural network
MQAM M-ary Quadrature Amplitude Modulated
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RSS Residual Sum of Squares
KL Kullback-Leibler
PDF Probability Density Function
CDF Cumulative Density Function
S-DNN Small-Deep Neural Network
MAE Mean Absolute Error
MSE Mean Squared Error
SHAP SHapley Additive exPLanations
FLOP Floating Point OPeration
LR Linear Regression
K-NR K-Neighbors Regression
DTR Decision Tree Regression
RFR Random Forest Regression
GBRT Gradient Boosted Regression Trees
SVR Support Vector Regression
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