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ABSTRACT: Unmanned Aerial Vehicle (UAV) air-to-ground (A2G) communication is a core enabling technology
for emerging low-altitude wireless applications. At the same time, accurate real-time channel emulation remains a
key bottleneck restricting its large-scale engineering deployment. Conventional universal channel simulators exhibit
limited fidelity when modeling UAV-specific fading characteristics and degrade real-time performance on resource-
constrained hardware platforms. In this study, we develop a dedicated UAV A2G channel simulator based on a
heterogeneous FPGA platform (Processing System (PS) + Programmable Logic (PL)). To achieve high-precision
path-loss prediction, we train a lightweight backpropagation neural network (BPNN) using field-measured data in
agricultural scenarios and deploy the model on the PS for sub-millisecond real-time inference. Experimental results
show that the proposed BPNN outperforms the 3GPP TR 38.901, CI, and ray-tracing models, achieving a path-
loss prediction RMSE of 1.929 dB. For high-efficiency small-scale fading generation, a locally optimal COordinate
Rotation DIgital Computer (LO-CORDIC) algorithm is implemented on the PL, which supports the computation of
trigonometric, exponential and logarithmic functions for Rayleigh, Rice and other fading models. The LO-CORDIC
reduces the average iterations from 16 to 4.5, achieving a 70.6% reduction in operation latency while maintaining
numerical precision. Statistical validation shows that the PDF, mean, and variance of the generated fading signals are
highly consistent with theoretical values, with the maximum relative error of 2.12%. This hardware-software co-design
architecture effectively balances emulation fidelity, real-time performance and hardware resource consumption. It is
suitable for verifying UAV communication algorithms and evaluating hardware-in-the-loop systems.
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1 Introduction
With the rapid advancement of UAV technology and its large-scale popularization in civil low-

altitude applications, A2G communication has emerged as the core enabling technology for low-altitude
wireless networks and has been widely applied in typical scenarios, including environmental monitoring,
agricultural remote sensing, and emergency communications [1–4]. The fading characteristics of wireless
channels directly determine core performance metrics of UAV communication systems, such as bit error
rate, link capacity, and transmission reliability [5,6]. Channel simulators are indispensable throughout the
full workflow of communication system design, algorithm verification, and hardware-in-the-loop testing:
they can reproduce complex and diverse communication scenarios in a controlled laboratory environment
and provide accurate modeling of channel fading characteristics for UAV A2G links [7,8]. However, the
practical performance of existing universal channel simulators is fundamentally limited by an intractable
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three-way trade-off among fading modeling fidelity, real-time processing capability, and hardware resource
consumption on FPGA platforms.

Path loss is the primary characterization of large-scale channel fading, and traditional path-loss
modeling approaches are primarily categorized into deterministic methods (DM) and empirical methods
(EM), both of which have inherent limitations in balancing accuracy and practical applicability in real-
world UAV applications [9–13]. Specifically, DMs based on ray tracing (RT) achieve high modeling accuracy
but suffer from prohibitive computationa complexity and a heavy reliance on high-precision geographic
information of the target environment [9,10]. EMs, such as CI and 3GPP standards, are simple to calculate
but suffer from limited scene adaptability; prediction errors occur due to dynamic changes in UAV flight
altitude and mobility. In recent years, machine learning has attracted significant attention in UAV channel
parameter prediction due to its excellent nonlinear fitting and data analysis capabilities. For example, the
authors in [11] used machine learning regression to develop a millimeter-wave UAV path-loss model and
investigated the impact of scene geometry and flight parameters on path loss in 5G and beyond scenarios.
The authors of [12] developed an air-to-ground path-loss model at 3.6 GHz for agricultural scenarios using
a deep neural network (DNN) and investigated the impact of UAV altitude, horizontal distance, and crop
characteristics on both line-of-sight (LoS) and non-line-of-sight (NLoS) path loss. The authors in [13] applied
deep reinforcement learning to optimize 5G UAV placement in mountainous environments and investigated
how terrain features and UAV altitude influence coverage and signal quality. However, as demonstrated by
the above-reviewed studies, most existing relevant studies are deployed on desktop computers or server
platforms, with model training still mainly based on simulated data, and commercial wireless channel
emulators have not yet been widely used for model deployment.

Small-scale fading modeling for UAV A2G channels primarily focuses on multipath effects and Doppler
effects [14,15], with widely used representative models including the Shadowed-Rician, Rayleigh, and Weibull
models [16–18]. As the requirements for channel simulation accuracy and efficiency continue to rise, the
real-time performance of software-only implementation can no longer meet the strict timing constraints of
practical channel emulators. The sum-of-sinusoids (SoS) method is widely adopted in traditional hardware-
based fading generation; however, this method consumes substantial on-chip hardware resources for
high-precision or large-scale MIMO channel emulation, and the generated fading samples exhibit inherent
phase discontinuity and non-stationarity [16]. To address the above limitations, the coordinate rotation
digital computer (CORDIC) algorithm has emerged as a promising alternative for hardware-side fading
generation, enabling low-cost fixed-point implementation of various basic functions and requiring only a
small amount of RAM resources compared with the look-up table (LUT) method. For instance, the authors
in [17] proposed a high-radix CORDIC-based FFT architecture with a unified Radix-2/4/8/16 optimization
framework to reduce the number of iterations, but it still suffers from the lack of dynamic adaptability due to
its fixed step size. The authors in [18] proposed a general multi-fading generator based on an improved greedy
CORDIC for wireless channel digital twins, which reduces the iteration latency of classical CORDIC by 62.5%
and optimizes FPGA resource utilization. Even so, the initialization and parameter update processes of the
CORDIC algorithm still consume multiple clock cycles, which becomes a major performance bottleneck,
especially in large-scale MIMO or non-stationary UAV A2G channel emulation scenarios.

With the rapid development of FPGA platforms integrated with PL and PS in recent years, the
widespread adoption of their PL+PS architecture has enabled a new solution for real-time simulation of UAV
A2G channels [19,20]. This study endeavors to fill this gap, and the specific innovations and contributions
are outlined as follows:

1. A hardware/software co-design UAV A2G channel simulator based on the FPGA PL + PS architecture
is proposed: the PS side is used to deploy and optimize pre-trained neural network models for path
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loss prediction, while the PL side is responsible for implementing multipath fading generation and
constructing a hardware-efficient fading generation module.

2. For UAV air-to-ground (A2G) communication scenarios, we first conduct channel measurement
campaigns in typical farmland scenarios at 3.6 GHz for model training and validation, and establish
a valid dataset containing three core propagation features (UAV altitude, propagation distance, and
carrier frequency) and the corresponding measured path loss values. Based on this dataset, we propose
a lightweight BPNN-based path loss prediction model and deploy it on the PS side of a heterogeneous
FPGA platform. With a 3-input, 2-hidden-layer, 1-output architecture, the model addresses the lim-
ited predictive accuracy of traditional empirical models in complex agricultural scenarios, while its
lightweight parameter count avoids the deployment limitations of over-parameterized neural networks.
We optimize the model via input feature standardization and L2 regularization to improve convergence
and generalization, and adopt a “PC-side training + PS-side inference” deployment strategy to achieve
sub-millisecond real-time path-loss inference.

3. A locally optimal CORDIC (LO-CORDIC) algorithm is proposed, and related hardware circuits for
trigonometric functions, exponential functions, and natural logarithms are developed based on this
algorithm. The LO-CORDIC algorithm adopts a dynamic iteration mechanism: by removing the
dedicated z-register, adopting dynamic angle selection, and realizing adaptive iteration termination, it
effectively solves the problem of high latency in the classical CORDIC algorithm. The hardware circuit
of LO-CORDIC is composed of three core modules: a dynamic angle mapping module, a local optimal
angle selection module, and an adaptive iteration module. By adopting a parallel pipeline structure and
optimizing the control logic, the algorithm reduces the consumption of on-chip resources and improves
real-time performance.

The remainder of this paper is structured as follows. Section 2 introduces the theoretical foundations
and related technologies. Section 3 focuses on the BPNN model, covering its design and deployment for
path loss prediction. Section 4 proposes a locally optimal CORDIC-based method for generating arbitrary
channel fading. Section 5 presents the experimental results and validation. Finally, Section 6 summarizes the
main conclusions of this study.

2 Theoretical Foundations and Related Technologies
In this work, the targeted application scenario is a low-altitude UAV A2G communication channel

simulation in agricultural farmland environments. In this scenario, two main challenges exist:

1. Traditional empirical models (e.g., CI model, 3GPP TR 38.901) cannot accurately capture the influence
of complex near-ground propagation effects on path loss, resulting in insufficient prediction accuracy;

2. When using conventional LUT or CORDIC algorithms to generate small-scale fading in real time on
resource-constrained FPGA platforms, high computation latency and large hardware resource overhead
are often encountered.

These two challenges directly limit the real-time performance and accuracy of UAV A2G channel
simulators and are key challenges in system design.

The core characteristics of wireless channels are primarily reflected in two categories: large-scale fading
and small-scale fading, whose propagation properties are significantly influenced by terminal mobility, UAV
altitude variation, and complex ground environments [3,9,21,22].

Large-scale fading is dominated by path loss, which is closely related to UAV altitude, propagation
distance, and carrier frequency. For A2G scenarios, the path loss model can be formulated as an extension
of the free-space model by incorporating an additional loss term, expressed as:
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Lpath(d , f , h) = 20 log10(d) + 20 log10( f ) + 32.45 + Δ(h) + LA2G (1)

where Lpath is the total A2G path loss in dB, d is the propagation distance in km, f is the carrier frequency
in MHz, h is the UAV flight altitude in m, Δ (h) is the height-dependent additional loss, and LA2G is the
scene-specific additional loss.

Although deterministic and empirical models for traditional path loss modeling have their respective
applications, and typical models CI and 3GPP have been adaptively optimized for low-altitude scenar-
ios [23,24], such fixed models are unable to flexibly fit the nonlinear variation of path loss in dynamic UAV
scenarios and tend to deviate from measured data [12]. Therefore, machine learning methods are adopted in
this study to optimize path loss modeling.

Small-scale fading is mainly caused by multipath propagation and Doppler shift, with signal compo-
nents arriving at different delays and angles due to reflection, refraction, and diffraction, which is a core
consideration for the real-time design of channel simulators [25,26]. For such fading characteristics, the
channel impulse response (CIR) can be modeled as:

h(t, τ) =
L
∑
l=1

√
P̄l(t) ⋅ αl(t) ⋅ e j(2π fD , l t+θ l ,0) ⋅ δ (τ − τl(t)) + w(t) (2)

where L is the total number of multipath components, P̄l(t) is the average power of the l-th multipath
component, αl(t) is the small-scale fading factor of the corresponding path, fD , l is the Doppler frequency
shift, θl ,0 is the fixed initial phase, τl(t) is the time-varying propagation delay, δ(⋅) is the Dirac delta function,
and w (t) is the additive white Gaussian noise (AWGN).

Current commercial channel simulators are mostly implemented on FPGA hardware; typical examples
include the Anritsu MD8475A, the Spirent Vertex series, and the Keysight F8800A PROPSIM F64 [27,28].
The PL+PS heterogeneous architecture, which combines the dual advantages of the Processing System and
Programmable Logic, has become an ideal hardware platform for wireless channel simulators in recent
years [29]. This FPGA-based heterogeneous (PS+PL) architecture is illustrated in Fig. 1 for UAV air-to-
ground (A2G) channel emulation. The PS side is based on ARM Cortex-A9/A53 embedded cores, specialized
in complex algorithmic operations and lightweight inference of pre-trained machine learning models, and
is suitable for large-scale data processing. The PL side consists of programmable logic resources, including
Configurable Logic Blocks (CLB), look-up tables (LUT), flip-flops (FF), and digital signal processor (DSP)
slices, featuring high parallelism, low latency, and flexible reconfiguration, and is applicable to real-time
signal processing with massive repetitive operations. Their efficient division of labor balances the channel
simulator’s modeling accuracy and real-time performance.

Machine learning technology has a distinct advantage in fitting complex nonlinear relationships, which
can effectively address the limited adaptability of traditional path loss models [11,12,30]. The BPNN, as a
classic multi-layer feedforward neural network, consists of an input layer, one or more hidden layers, and
an output layer, and trains the model through the iterative process of forward signal propagation and error
backpropagation. In this study, the input layer includes UAV altitude, propagation distance, and carrier
frequency; the output layer is the path loss value; and the number of hidden-layer neurons is determined
using the cross-validation method. The output of hidden layer neurons can be formulated as:

o j = f (
n
∑
i=1

w ji xi + b j) (3)
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where o j is the output of the j-th hidden neuron, f (⋅) is the hidden layer activation function, w ji and b j are
the connection weight and bias term respectively, and xi is the i-th input feature of the model.

Figure 1: FPGA PS+PL heterogeneous architecture for UAV A2G channel simulation.

The CORDIC algorithm is an iterative numerical method for fixed-point computation of transcendental
functions (e.g., trigonometric and exponential functions) without dedicated hardware multipliers, and it is a
key technology for channel fading generation on FPGA platforms [17,18,27,31]. It decomposes arbitrary-angle
coordinate rotations into fixed-angle micro-rotations, enabling complex calculations via shift, addition, and
subtraction operations for resource-constrained real-time simulation.

The rotation mode of CORDIC is based on 2D coordinate rotation: given initial coordinates (x0, y0)
and target rotation angle θ, n iterations approximate the target rotation as:

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

xi+1 = xi − di ⋅ yi ⋅ 2−i

yi+1 = yi + di ⋅ xi ⋅ 2−i

zi+1 = zi + di arctan(2−i)
(4)

where i is the iteration number; di is the rotation direction factor determined by the sign of the residual
rotation angle, with di = +1 for counterclockwise rotation and di = −1 for clockwise rotation); 2−i is the shift
factor replacing multiplication to reduce hardware complexity; and arctan(2−i) is the fixed micro-rotation
angle for iteration i, which can be pre-stored in a small LUT.

After convergence, the final coordinates are multiplied by a global scaling factor Kn to compensate for
amplitude attenuation, which is defined as:

Kn =
n−1
∏
i=0

1√
1 + 2−2i

(5)
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when n ≥ 16, Kn ≈ 0.607252935, enabling amplitude correction via hardware fixed-point multiplication
without extra iterations.

3 ANN Model Design for A2G Path Loss Prediction

3.1 Framework of BPNN-Based Path Loss Prediction
A BPNN-based path loss prediction framework is developed for UAV air-to-ground (A2G) communi-

cations, which consists of four key steps: measured data acquisition, feature preprocessing, network training
and embedded deployment, as illustrated in Fig. 2. First, field tests are conducted in typical A2G scenarios
to gather three key features (UAV altitude, propagation distance, and carrier frequency) and record the
corresponding measured path loss. Then, raw data is filtered for outliers and then normalized to unify feature
dimensions, thus ensuring numerical stability in subsequent model training. After that, the preprocessed
dataset is partitioned into a training set (70%), a validation set (15%), and a test set (15%): the training set
is used for iterative weight and bias updates via error back-propagation, the validation set is employed to
monitor overfitting, tune hyperparameters (e.g., learning rate, number of epochs) and implement an early
stopping strategy. The preprocessed features are fed into the BPNN model for training, where the network
weights and biases are iteratively optimized using the error back-propagation algorithm with the Adam
optimizer. Once training is complete, the model parameters are exported and deployed on the PS side of the
FPGA. Subsequently, the deployed model is validated by inputting the test set features into the PS-side model
to generate predicted path loss values, which are compared with the measured path loss values of the test set
to quantitatively evaluate the real-time prediction performance of the deployed model in practical scenarios.

Figure 2: BPNN-based path loss prediction framework for agricultural UAV A2G channels.

3.2 Network Architecture Design
To improve the convergence speed and generalization performance of model training, standardization

is applied to the input features, which is calculated as:

xnorm
i = xi − μi

σi
(6)

where xi denotes the original input feature, μi represents the mean of the feature in the training dataset, σi
denotes the standard deviation of the feature in the training dataset, and xnorm

i is the standardized feature



Comput Mater Contin. 2026;89(1):77 7

value. This process can eliminate the dimensional differences among different features, prevent a single
feature from dominating the network training due to numerical scale disparities, and thus enhance the
stability and convergence speed of network training.

The BPNN model constructed in this study consists of an input layer, two hidden layers and an output
layer. Specifically, three neurons are set in the input layer, corresponding to the three features of propagation
distance, UAV height, and carrier frequency; the number of neurons in the first hidden layer is N1 = 16 and
that in the second hidden layer is N2 = 32; one neuron is configured in the output layer to output the predicted
path loss value. Practical research has proven that the two-hidden-layer structure is more suitable for the
research scenario, as a single-hidden-layer network cannot fully characterize the nonlinear propagation
characteristics in air-to-ground communications, while the two-hidden-layer structure can not only improve
the feature expression capability of the model but also control the parameter scale within a reasonable range
to meet the resource constraints of FPGA deployment [32]. The overall forward propagation process of the
BPNN can be uniformly expressed as:

ŷ = f3
⎛
⎝

N2

∑
j=1

w3, j ⋅ f2 (
N1

∑
k=1

w2, jk ⋅ f1 (
3
∑
i=1

w1, i xA2G, i + b1,k) + b2, j) + b3,1
⎞
⎠

, xA2G =
⎡⎢⎢⎢⎢⎢⎣

d
h
f

⎤⎥⎥⎥⎥⎥⎦
(7)

where xA2G denotes the input feature vector, including propagation distance, UAV height, and carrier
frequency; w are the weight matrices of each layer, while b are the corresponding bias vectors; f1(⋅) and f2(⋅)
use the ReLU function, and the output layer activation function f3(⋅) is linear; ŷ represents the predicted
path loss value, which can be chosen according to LoS and NLoS propagation conditions.

To mitigate overfitting, we adopt the mean squared error (MSE) loss function combined with L2
regularization, which is expressed as:

LMSE = 1
N

N
∑
i=1

(yi − ŷi)2 + λ
L
∑
l=1

∥wl∥2
2 (8)

where N denotes the number of training samples, yi is the true path loss value, and λ is the L2 regularization
coefficient, which is set to 1e–4 in this study.

We update the network parameters via the Adam optimizer (a stochastic gradient descent based
method), with the weight update rule defined as:

Wl(t + 1) = Wl(t) − η ∂LMSE

∂Wl
(9)

where η is the learning rate and l indexes the network layer. In our experiments, we set the total number
of training epochs to 100. We initialize the learning rate to η = 0.001 and apply a step-decay strategy with a
decay factor of 0.2 after the 40th epoch. An early stopping strategy with a patience of 10 is also adopted to
further avoid overfitting—the validation set (15% of the dataset) is used to monitor the validation loss during
training, and early stopping is triggered when the validation loss does not decrease for 10 consecutive epochs
(patience = 10). This setup enhances the stability of late-stage training and avoids parameter oscillation.

3.3 Model Deployment
For the trained BPNN model, this study adopts a deployment strategy of “training on PC and inference

on PS side”. The model is first trained using Python on a PC, after which core parameters including weight
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matrices (w1/w2/w3) and bias vectors (b1/b2/b3) of each layer are extracted and exported, saved as floating-
point text files [33]. These parameter files are then transferred to the FPGA PS end (ARM-based embedded
Linux system), and forward propagation inference code is written in C/C++ to reproduce the ReLU activation
and fully connected operation processes of the BPNN, thereby achieving real-time conversion from input
features (propagation distance, UAV height, carrier frequency) to predicted path loss values.

The number of multiply-accumulate (MAC) operations for forward propagation per sample is
calculated as:

CFP = N1 ⋅ Nin + N2 ⋅ N1 + Nout ⋅ N2 = 16 × 3 + 16 × 32 + 1 × 32 = 592 MACs/sample (10)

We estimate the forward propagation inference latency per sample based on a typical FPGA PS end
hardware configuration: the CPU clock frequency is fc l k = 667 MHz and parallel execution of P = 16 MAC
operations per cycle, as follows:

Tinf =
CFP

fclk ⋅ P
= 592

667 × 106 × 16
≈ 55.5 ns (11)

This result demonstrates that the model’s single-sample inference latency is well below 1 ms, fully
meeting the real-time path loss prediction requirements for air-to-ground communications.

In contrast, more recent deep learning models such as CNN, LSTM, and lightweight Transformer-
based architectures, even after standard quantization and operator optimization, typically require one to
three orders of magnitude more MAC operations per inference than our lightweight BPNN. When deployed
on the same ARM Cortex-A9 core (667 MHz) without dedicated hardware acceleration, their single-
sample inference latency ranges from hundreds of microseconds to tens of milliseconds, far exceeding the
strict sub-millisecond requirement for real-time UAV channel simulation [34]. Therefore, the proposed
lightweight BPNN achieves a more practical and favorable balance between prediction accuracy and
real-time performance on resource-constrained FPGA PS platforms.

4 LO-CORDIC for Channel Fading Generation

4.1 Hardware Implementation of Small-Scale Fading
As shown in Eq. (2) of Section 2, in hardware implementations of channel fading for channel simulation,

the small-scale fading factor αl (t) is key to reproducing various channel transmission characteristics. The
efficiency of its operation directly affects the real-time performance and hardware overhead of the entire
channel simulation system. During deployment on the FPGA hardware platform, the nonlinear operations,
such as complex modulus, complex exponential, and square root, used to generate this factor are relatively
difficult to implement efficiently with simple logic circuits. The traditional implementation method not only
suffers from a certain time delay but also consumes a significant amount of logic resources, making it hard
to meet the real-time requirements of time-varying channel simulation. To this end, this paper introduces
the CORDIC algorithm to replace the original LUT method, adopts rotation iteration for complex nonlinear
operations, and improves the CORDIC algorithm to effectively enhance hardware implementation efficiency
and real-time performance. Among these fading types, the hardware implementation of the four most typical
small-scale fading types, namely Rayleigh, Rice, Nakagami, and Weibull, all rely on the improved CORDIC
algorithm to complete the core operations. The specific details are presented in Table 1.
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Table 1: CORDIC operation requirements for typical small-scale fading generation.

Fading Type Hardware Implementable Formula CORDIC Operations

Rayleigh Fading rRa
l (k) =

√
g2

l (k) + ḡ2
l (k) • Vector magnitude computation

• Cartesian-to-polar conversion

Rician Fading rRi
l (k) = ∣Al e j(2π fD , l kTs+ϕl ,0) + gl(k) + jḡl(k)∣

• Complex exponential generation
• Vector addition
• Magnitude computation

Nakagami Fading rNk
l (k) =

√
2m
∑
i=1

g2
l , i(k)

• Multi-vector
magnitude computation

• Square root solving via CORDIC

Weibull Fading rWb
l (k) = exp ( 1

βl
ln rRa

l (k))
• Logarithm and exponential

computation via
hyperbolic CORDIC

Note: rTy pe
l (k) denotes the fading amplitude of the l-th multipath component at the k-th time instant; gl (k) and gl (k)

are independent zero-mean Gaussian random samples; Al , fD , l , ϕl ,0, μ and βl are the type-specific parameters of each
fading model; Ts is the sampling interval.

4.2 Improved LO-CORDIC Algorithm Design
The classical CORDIC algorithm allows hardware-efficient nonlinear operations but suffers from high

latency due to its fixed 16-iteration scheme and the hardware needed to manage the z-path residual angle.
The LO-CORDIC algorithm mitigates these problems by removing the dedicated z-register, using

dynamic angle selection, and enabling adaptive iteration termination. As a result, the number of iterations
varies dynamically from 3 to 7, with an average of only 4.5 iterations in practical applications—achieving up
to a 4× reduction in iteration latency compared to the classical 16-iteration scheme. This approach reduces
hardware overhead and latency without compromising accuracy compared to the standard CORDIC.

To further optimize the rotation process, the input angle θ is first mapped to a locally optimal sub-
interval to eliminate redundant operations. The following formula determines the optimal sub-interval:

k∗ = arg min
k=0,. . . ,7

∣θ − kπ
4
∣ (12)

where the width of each sub-interval is π/4. The selected sub-interval narrows the search space of micro-
rotation angles, thereby reducing the overall computational complexity.

Subsequently, the shift value bi for each iteration is chosen dynamically. Unlike the classical CORDIC,
which iterates over a fixed sequence of micro-rotation angles for i = 0, 1, . . . , n − 1, LO-CORDIC selects bi
from a candidate set B = {0, 1, 2, ⋅ ⋅ ⋅ , 15} by minimizing the residual angle error. Let the current residual
angle be:

zi = θ −
i−1
∑
j=0

d j ⋅ arctan (2−b j) (13)



10 Comput Mater Contin. 2026;89(1):77

Then the rotation direction di and shift value bi are jointly selected as:

(di , bi) = arg min
d∈{−1,1}, k∈B

∣zi − d ⋅ arctan(2−k)∣ (14)

where di represents the rotation direction in the i-th iteration, corresponding to this dynamic selection, the
vector update equations are modified as:

xi+1 = xi − di ⋅ yi ⋅ 2−bi

yi+1 = yi + di ⋅ xi ⋅ 2−bi
(15)

This strategy ensures that each micro-rotation maximizes the reduction of residual angle error, resulting
in fewer total iterations.

The algorithm terminates iterations once the normalized error falls below a precision threshold (e.g.,
10-5), indicating amplitude convergence. Eq. (16) formalizes this condition, where K represents the cumula-
tive scaling factor.

Ei = ∣K2 (x2
i + y2

i ) − 1∣ (16)

After convergence, the final vector is multiplied by the cumulative scaling factor K to compensate for
amplitude attenuation, given by:

xfinal = K ⋅ xn

yfinal = K ⋅ yn
(17)

where n is the actual number of iterations performed. Unlike the classical CORDIC with a fixed scaling
factor, K in LO-CORDIC is iteration-dependent due to the dynamic shift selection, requiring real-time
compensation.

The hardware architecture of LO-CORDIC comprises three core functional modules: the dynamic
angle mapping module, the local-optimal angle selection module, and the adaptive iteration module. LO-
CORDIC has three functional modules. The mapping module finds the best sub-interval for the input angle.
The selection module then chooses the corresponding micro-rotation angle and outputs its direction code.
Meanwhile, the iteration module performs shift-add operations and tracks convergence in real time. Fig. 3
illustrates the data flow and module interconnections, which are designed for parallel and pipelined FPGA
implementation. Together, these modules reduce register requirements and simplify control logic—making
LO-CORDIC suitable for high-throughput applications.

Table 2 summarizes the key differences between the proposed LO-CORDIC and other CORDIC
variants.
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Figure 3: Flowchart and hardware architecture of the proposed LO-CORDIC algorithm.

Table 2: Comparison of key features among classical CORDIC, high-radix CORDIC, greedy CORDIC, and the
proposed LO-CORDIC.

Feature Classical
CORDIC

High-Radix
CORDIC [17]

Greedy
CORDIC [18] LO-CORDIC (Ours)

z register Required Required Required Removed

Angle selection Fixed sequence Fixed per radix Greedy
minimization

Local optimal + dynamic
mapping

Scaling factor Fixed
(K ≈ 0.607) Fixed Fixed Iteration dependent (real

time compensation)

4.3 Simulation Results and Performance Comparison
The simulation is performed using Xilinx Vivado 2023.2 (behavioral simulation and timing simulation).

The target FPGA is the XC7Z045-2FFG900I, with the PL clock frequency set to 100 MHz and 16-bit fixed-
point quantization. The test angle range is from 0○ to 180○ with a step size of 1○, resulting in 180 test angles.
The benchmark is the classical 16-iteration CORDIC.

To quantitatively verify the hardware implementation advantages of the LO-CORDIC algorithm,
comprehensive simulation and comparative analysis were conducted on standalone IP cores of conventional
CORDIC and LO-CORDIC, with 15○ as the typical test angle. The simulation waveforms are shown in Fig. 4.
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Figure 4: Timing waveforms of conventional CORDIC and LO-CORDIC (15○ test angle).

The test results demonstrate that the conventional CORDIC employs a fixed 16-stage iterative pipeline
architecture, requiring 16 iteration stages plus one output latch stage—a total of 17 clock cycles—to complete
the 15○ angle operation. In contrast, with dynamic angle mapping, locally optimal rotation selection,
and adaptive iteration termination mechanisms, LO-CORDIC requires only 4 iteration stages and one
output latch stage, totaling 5 clock cycles. Statistics obtained from 180 test angles show that the average
number of LO-CORDIC iterations is approximately 4.5 iterations. Compared with conventional CORDIC,
this reduction in iteration count reduces LO-CORDIC’s operation latency by approximately 12 cycles,
corresponding to a 70.6% reduction in the number of iteration stages.

5 Experimental Verification and Result Analysis

5.1 Path Loss Prediction Performance Analysis
The experimental validation presented in this section is conducted on a custom-developed channel

emulator platform. The core computational device of this platform is a Xilinx Zynq-7000 SoC (XC7Z045-
2FFG900I), which integrates a dual-core ARM Cortex-A9 Processing System (PS) with a Kintex-7-based
Programmable Logic (PL) fabric. The following subsections detail the path loss prediction performance
analysis and the small-scale fading generation validation using the LO CORDIC algorithm, respectively.

5.1.1 Data Acquisition and Preprocessing
A2G channel measurements were conducted in Xuyi, Jiangsu Province, China. In consideration of the

practical application requirements of the project, rural farmland with a simple scatterer distribution in this
area was selected as the measurement site. The area is generally open, which can effectively reduce the
interference of complex scattering environments on the path loss measurement results. Both LOS and NLOS
propagation scenarios were included in the measurements. A dedicated A2G channel sounder was built
for the measurements, which consists of an unmanned aerial vehicle (UAV)-borne transmitter (TX) and a
ground-fixed receiver (RX). The TX is composed of a hexacopter UAV, an omnidirectional antenna, a Global
Positioning System (GPS) antenna and a software-defined radio (SDR) signal transmission platform, with the
sounding signal processed by the radio frequency (RF) module and then transmitted via the omnidirectional
antenna. The RX includes an omnidirectional antenna, a GPS module, an uninterruptible power supply and
an SDR signal processing platform equipped with RF and baseband processing modules. The received signal
is captured by the omnidirectional antenna and then sent to the baseband processing module through the
RF module for analysis.
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The collected PL measured data of farmland in Xuyi were randomly divided into a training set, a
validation set, and a test with a ratio of 14:3:3. The training set was used for the iterative optimization of
the BPNN model parameters, while the validation set was employed to real-time evaluate the generalisation
ability of the model during training and avoid overfitting. All measured data were subjected to preprocessing
steps, including outlier elimination and feature standardisation, before being used for model training. The
key hardware parameters of the system are shown in Table 3.

Table 3: Hardware parameters of the A2G channel sounder.

System Parameters Values
Antenna gain 2.5 dBi

Supported frequency band 100–6000 MHz
Bandwidth 100 MHz

Transmit power 32 dBm
Measurement sequence Single-tone signal/Zadoff-Chu sequence

The channel measurements were carried out at 3.6 GHz using the ZC sequence as the sounding signal.
The RX was located at the edge of the farmland in Xuyi, with the antenna at 2.5 m above ground. The
measurement scenario is shown in Fig. 5. The UAV carrying the TX took off from one side of the farmland
and flew straight at five height levels of 10, 15, 20, 25 and 30 m with an interval of 5 m between adjacent
heights, and the flight distance at each height level was 100 m. In total, we obtained 3245 measured path-loss
samples across the UAV heights. Channel data were recorded only when the UAV flew along the designated
route. Finally, path-loss measurement data for LOS and NLOS scenarios at different flight distances and UAV
heights were obtained.

Figure 5: Measurement scenario in the rural farmland of Xuyi.
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5.1.2 Experimental Analysis and Performance Comparison
To verify the path loss prediction effectiveness of the channel simulator embedded with our proposed

network model, three mainstream wireless channel prediction methods are selected as benchmarks for
multi-dimensional performance comparison, including the deterministic method (Ray Tracing), the semi-
empirical method (3GPP TR 38.901 model), and the empirical method (CI model). During the experiment,
the trained network model is deployed on the channel simulator with channel parameters configured for
the farmland scenario, to predict the path loss trend at UAV heights of 15, 20, and 25 m. Meanwhile, 15% of
the reserved test set is used as the measured ground truth, and Root Mean Square Error (RMSE) is adopted
as the core quantitative indicator to compare the prediction results of each model with the measured data,
for quantitative evaluation of the prediction accuracy of different models. The deterministic RT simulation
model is implemented based on the MATLAB wireless communication simulation platform, using a two-ray
model adapted to the low-altitude farmland scenario, with corrections for vegetation attenuation, ground
roughness, and Fresnel reflection coefficient. The core calculation formulas of the CI model and 3GPP TR
38.901 RMa model used in the comparison are shown in Table 4.

Table 4: Core calculation formulas of 3GPP RMa and CI models.

Model Core Calculation Formula Notes

CI Model PLCI(d) = PLFS(d0) + 10n log10 ( d
d0
) + XSF

PLFS(d0): Free-space path loss
at d0 = 1m; n: Path Loss
Exponent (PLE); d: 3D

transceiver distance; XSF :
Shadow fading term.

3GPP TR 38.901
model

1. LoS Probability: PrLOS =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

1, d2D ≤ 10 m

exp(−d2D − 10
1000

) , d2D > 10 m
2. LoS Path Loss:

PLLoS = {
PL1 , 10 m ≤ d2D ≤ dP

PL2, dP ≤ d2D ≤ 10 km

PL1 = 20 log10 (
40πd3D fc

c
)

+ min(0.03h1.72 , 10) log10(d3D)
− min(0.044h1.72 , 14.77) + 0.002 log10(h)d3D

PL2 = PL1(dP) + 40 log10 (
d3D
dP

) 3. NLoS
Path Loss: PLNLoS = max(PLLoS, PL3)
PL3 = 161.04 − 7.1 log10(W) + 7.5 log10(h)

− (24.37 − 3.7( h
hBS

)
2
) log10(hBS)

+ (43.42 − 3.1 log10(hBS)) (log10(d3D) − 3)
− (3.2(log10(11.75hUT))2 − 4.97) + 20 log10( fc)

d2D: Horizontal distance; d3D:
3D distance; dP : Breakpoint

distance; h: Effective obstacle
height; W : Street width; hBS:
UAV height; hUT: Terminal

height; fc : Carrier frequency.
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The path loss prediction results of different models are shown in Fig. 6. Taking the UAV height of
15 m as an example, the PLE of the CI model fitted by measured data is 2.640, and the standard deviation
of Shadow Fading (SF) is 2.407 dB. It can be intuitively seen from the curve fitting that the prediction
curve of our proposed model is highly consistent with the measured data of the test set, with prediction
accuracy outperforming the RT simulation, CI model, and 3GPP standard model. Further analysis shows
that, as a standardized model for general rural macrocellular scenarios, the 3GPP RMa model has insufficient
adaptability to the refined environmental features of the specific low-altitude farmland scenario in this work
(such as low crop coverage and near-ground reflection characteristics), leading to a certain deviation between
prediction results and measured data. Although RT simulation fully considers the physical propagation
mechanism of wireless signals, the simplified processing of some scatterers in the scenario by the two-ray
model also causes a certain loss of accuracy. In contrast, the prediction results of our proposed model have
both compliance with the 3GPP channel standard and accurate adaptability to the specific farmland scenario,
and can achieve accurate prediction of path loss in farmland scenarios.

Figure 6: Path loss prediction results of different models at 15 m UAV height.

For UAV heights of 20 and 25 m, the same validation is performed using the 15% reserved test set. The
Path Loss Exponents (PLE) of the CI model fitted by measured data at the corresponding heights are 2.789
and 2.759, with the standard deviations of shadow fading (SF) of 2.686 and 2.060 dB, respectively. The results
are shown in Fig. 7.

The BPNN-based wireless channel simulator deployed on the PL side achieves high consistency between
predicted path loss and measured data at the test heights of 20 and 25 m, with prediction accuracy
outperforming the traditional CI model, RT simulation, and 3GPP RMa standard model. The traditional CI
empirical model requires refitting of core parameters, including the path PLE and standard deviation of SF,
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with measured data for different UAV flight heights, which limits its scene adaptability and generalization
ability. In contrast, the proposed BPNN-based wireless channel simulator in this paper can achieve accurate
path loss prediction at all test heights without additional parameter tuning for different flight heights, and
its output results are consistent with the measured data of the test set.

Figure 7: Path loss prediction results of different models at 20 and 25 m UAV height.

The RMSE results of path loss prediction for each model at different UAV heights are shown in Table 5.
The proposed model achieves lower RMSE than the CI model, RT simulation, and 3GPP RMa standard model
across all test heights, with values of 1.955, 2.223, and 1.972 dB at 15, 20, and 25 m, respectively, indicating
better prediction accuracy of the proposed model compared to the benchmark models.

Table 5: RMSE comparison of path loss prediction models at different UAV heights.

UAV Height Predict RMSE (dB) CI RMSE (dB) 3GPP RMSE (dB) RT RMSE (dB)
15 m 1.929 2.407 3.808 2.816
20 m 2.223 2.678 4.658 2.833
25 m 1.972 2.055 4.224 2.104

5.2 Small-Scale Fading Generation Using LO-CORDIC Algorithm
5.2.1 Experimental Setup and Parameter Configuration

The objective of this experiment is to validate the accuracy of small-scale fading signal generation,
focusing on four representative fading models: Rayleigh, Rice, Nakagami, and Weibull. By comparing the
statistical characteristics—probability density function (PDF), mean, and variance—of the generated signals
with those of the theoretical models, the effectiveness and reliability of the LO-CORDIC-based small-scale
fading generation method are verified, providing experimental support for subsequent wireless channel
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simulation and hardware implementation. The entire experiment is conducted on the PL side of the channel
emulator, with parameter configurations tailored to realistic low-altitude wireless communication scenarios.

The sampling rate is set to 50 MHz, which is consistent with practical low-altitude wireless commu-
nication applications and sufficient to capture the rapid fluctuation dynamics of small-scale fading. The
maximum Doppler frequency fmaxfmax is set to 80 Hz, employing the Jakes Doppler power spectral density
to emulate realistic Doppler spread characteristics. The emulation duration is set to 2 ms, and a total of
2 × 106 small-scale fading samples are generated. The hardware implementation adopts a 16-bit fixed-point
quantization format.

The specific parameter configurations for the four fading models are summarized in Table 6.

Table 6: Quantitative error analysis of hardware-generated fading samples.

Fading Type Parameter Parameter
Values Description

Rayleigh σ 2 0.5, 1.0, 2.0

Variance parameter determining the amplitude spread of
the envelope. σ 2 = 0.5 corresponds to weak fading with
small signal fluctuations; σ 2 = 1.0 represents standard

Rayleigh fading; σ 2 = 2.0 yields strong fading with severe
fluctuations.

Rice K 0, 1, 3

Rice factor, defined as the power ratio between the LOS
and NLOS components. K = 0 indicates the absence of

LOS, reducing to Rayleigh fading; K = 1 denotes
comparable LOS and NLOS power; K = 3 corresponds to
a dominant LOS component with shallower fading depth.

Nakagami m 0.5, 1.0, 3.0

Shape factor controlling the concentration of the
distribution. m = 0.5 yields fading more severe than

Rayleigh with a heavier tail; m = 1.0 reduces to Rayleigh
fading; m = 3.0 produces shallower and more

concentrated fading, approximating Rice fading with a
large K factor.

Weibull β 1, 2, 3

Shape factor determining the shape of the probability
density curve. β = 1 reduces to an exponential

distribution, corresponding to extremely severe fading
environments; β = 2 matches the Rayleigh fading

distribution; β = 3 yields a more symmetric shape,
resembling log-normal fading characteristics.

During the experiment, we first generate fading samples from the channel emulator, then export them
to a host computer and perform statistical analysis using MATLAB software. We compute the PDF, mean,
and variance of the samples and compare them against the corresponding theoretical reference values. Each
parameter configuration is repeated three times, and we report the average value as the final result to mitigate
the influence of random errors from any single trial.
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5.2.2 Statistical Validation and Performance Analysis
To quantitatively evaluate the generation accuracy of the LO-CORDIC-based fading emulator, we

compare the PDF of the hardware-generated samples against the theoretical PDF curves across all four fading
models under multiple parameter configurations. The comparison results are summarized in Fig. 8, where
the solid markers represent the hardware-generated PDF values from the channel emulator and the dashed
lines denote the corresponding theoretical distributions. The experimental results indicate the following: For
Rayleigh fading, the hardware-generated PDFs closely match the theoretical curves across different variance
settings, with only minor deviations observed near the distribution tails due to fixed-point quantization
effects. For Rice fading, the hardware-generated PDFs accurately capture the characteristic rightward shift
of the distribution peak as the Rice factor increases, correctly degenerating to the Rayleigh distribution at
low factor values and exhibiting a narrower spread with a higher peak at higher factor values. For Nakagami
fading, the hardware-generated PDFs remain consistent with the theoretical distributions across the tested
shape factor configurations, displaying features of severe fading at low factor values and a more concentrated
distribution at higher factor values. For Weibull fading, the hardware-generated PDFs align closely with
the theoretical curves across the shape factor settings, covering different distribution shapes ranging from
exponential decay to approximate Rayleigh and symmetric profiles. Overall, the hardware-generated PDFs
exhibit strong agreement with the theoretical references across all tested configurations.

Figure 8: Hardware-generated vs. theoretical PDFs of small-scale fading models.

Table 7 summarizes the quantitative error metrics for each fading model, including the mean absolute
deviation (MAD) between the hardware-generated PDFs and the theoretical PDFs, as well as the relative
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errors in mean and variance. Across all configurations, the PDF MAD does not exceed 1.67%, the mean
relative error remains within 1.34%, and the variance relative error is at most 2.12%. These results demonstrate
that the LO-CORDIC-based channel emulator, operating on the PL side with 16-bit fixed-point arithmetic,
can accurately reproduce the statistical properties of all four small-scale fading models, meeting the accuracy
requirements for real-time hardware-in-the-loop wireless channel simulation.

Table 7: Quantitative error analysis of hardware-generated fading samples.

Fading Type Parameter PDF MAD Mean Relative Error Variance Relative Error

Rayleigh
σ 2 = 0.5 1.23% 0.87% 1.52%
σ 2 = 1.0 1.18% 0.44% 1.86%
σ 2 = 2.0 1.35% 0.91% 1.73%

Rice
K = 0 1.21% 0.56% 1.64%
K = 1 1.42% 1.02% 1.95%
K = 2 1.38% 0.79% 1.81%

Nakagami
m = 0.5 1.67% 1.34% 2.12%
m = 1.0 1.25% 0.61% 1.58%
m = 3.0 1.41% 0.93% 1.76%

Weibull
β = 1 1.55% 1.21% 1.98%
β = 2 1.32% 0.78% 1.62%
β = 3 1.48% 1.05% 1.85%

5.2.3 Hardware Resource Comparison and Analysis
To evaluate the hardware resource utilization of different fading generation schemes in a multi channel

scenario, we provide a quantitative comparison for a 64 channel parallel system in Table 8. The 64 channel
configuration corresponds to a typical 4 × 4 MIMO with 4 multipath components per link (16 links × 4 paths
= 64 independent fading channels). The proposed LO CORDIC architecture is compared with the high radix
CORDIC scheme, the greedy CORDIC scheme, and the conventional look up table based method.

Table 8: FPGA resource utilization comparison of different fading generation schemes.

Algorithm Slice LUTs (Util.%) FF/DFF (Util.%) DSP (Util.%) BRAM (Util.%)
High-Radix CORDIC [17] 8192 (3.75%) 7424 (1.70%) 0 (0%) 0 (0%)

Greedy CORDIC [18] 6144 (2.81%) 5376 (1.23%) 0 (0%) 0 (0%)
LUT-Based Fading 2688 (1.23%) 1344 (0.31%) 0 (0%) 64 (11.74%)

LO-CORDIC 5056 (2.31%) 3904 (0.89%) 0 (0%) 0 (0%)

The results show that for a 64 channel parallel system, the proposed LO-CORDIC reduces look-up table
resource consumption by 38.3% compared with the high-radix CORDIC scheme, and by 17.7% compared
with the greedy CORDIC scheme. Meanwhile, the proposed design consumes zero DSP resources and zero
BRAM resources. These characteristics make the LO CORDIC architecture scalable and particularly suitable
for resource constrained FPGA platforms, low power hardware implementation scenarios, and massive
MIMO channel emulation.
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6 Conclusions
This paper presents a hardware-software co-designed UAV A2G channel simulator based on a heteroge-

neous FPGA PL+PS architecture, enabling high-precision path-loss prediction and low-latency multi-fading
generation for low-altitude agricultural communication scenarios. A lightweight BPNN model was con-
structed using measured channel data, with UAV altitude, propagation distance, and carrier frequency
as input features. Deployed on the PS side, the model achieves sub-millisecond real-time inference and
delivers higher prediction accuracy than conventional CI, 3GPP, and ray-tracing models. On the PL side,
an LO-CORDIC algorithm featuring dynamic angle mapping, local optimal rotation selection, and adaptive
iteration termination was designed and implemented. This algorithm efficiently performs trigonometric,
exponential, and logarithmic operations required to generate Rayleigh, Rice, and other small-scale fading
models. Experimental results on the Xilinx Zynq-7000 SoC platform demonstrate that the LO-CORDIC
algorithm reduces the average iteration count by 70.6% compared with the classical CORDIC algorithm,
while maintaining an RMSE in path-loss prediction below 2.23 dB. Moreover, the PDF, mean, and variance
of the generated fading samples are in strong agreement with theoretical values, with all relative errors within
2.12%. The proposed architecture is well-suited for verifying UAV communication algorithms and evaluating
hardware-in-the-loop systems. Future work will extend the simulator to more complex scenarios, such as
mountainous and urban environments, and incorporate additional factors, including dynamic vegetation
changes and multi-UAV interference.
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1. Banafaa MK, Pepeoğlu O, Shayea I, Alhammadi A, Shamsan ZA, Razaz MA, et al. A comprehensive survey on 5G-

and-beyond networks With UAVs: applications, emerging technologies, regulatory aspects, research trends and
challenges. IEEE Access. 2024;12:7786–826. doi:10.1109/ACCESS.2023.3349208.

2. Dai M, Huang N, Wu Y, Gao J, Su Z. Unmanned-aerial-vehicle-assisted wireless networks: advancements,
challenges, and solutions. IEEE Internet Things J. 2023;10(5):4117–47. doi:10.1109/JIOT.2022.3230786.

3. Wang Y, Sun G, Sun Z, Wang J, Li J, Zhao C, et al. Toward realization of low-altitude economy networks: core archi-
tecture, integrated technologies, and future directions. IEEE Trans Cogn Commun Netw. 2025;11(5):2788–820.
doi:10.1109/TCCN.2025.3601015.

https://doi.org/10.1109/ACCESS.2023.3349208
https://doi.org/10.1109/JIOT.2022.3230786
https://doi.org/10.1109/TCCN.2025.3601015


Comput Mater Contin. 2026;89(1):77 21

4. He D, Yuan W, Wu J, Liu R. Ubiquitous UAV communication enabled low-altitude economy: applications,
techniques, and 3GPP’s efforts. IEEE Netw. 2026;40(1):115–22. doi:10.1109/MNET.2025.3574922.

5. Yadav P, Kumar S, Kumar R. A review of transmission rate over wireless fading channels: classifications,
applications, and challenges. Wirel Pers Commun. 2022;122(2):1709–65. doi:10.1007/s11277-021-08968-1.

6. Miao H, Zhang J, Tang P, Tian L, Zhao X, Guo B, et al. Sub-6 GHz to mmWave for 5G-advanced and
beyond: channel measurements, characteristics and impact on system performance. IEEE J Sel Areas Commun.
2023;41(6):1945–60. doi:10.1109/JSAC.2023.3274175.

7. Shafik W. Computational modeling and simulation of advanced wireless communication systems. In: An overview
of computational modeling and simulations in wireless communication systems. Boca Raton, FL, USA: CRC Press;
2024. doi:10.1201/9781003457428.

8. Saleem A, Zhang X, Xu Y, Albalawi UA, Younes OS. A critical review on channel modeling: implementations. Chall
Appl Electron. 2023;12(9):2014. doi:10.3390/electronics12092014.

9. Moraitis N, Psychogios K, Panagopoulos AD. A survey of path loss prediction and channel models for unmanned
aerial systems for system-level simulations. Sensors. 2023;23(10):4775. doi:10.3390/s23104775.

10. Wang J, Hao Y, Yang C. The current progress and future prospects of path loss model for terrestrial radio
propagation. Electronics. 2023;12(24):4959. doi:10.3390/electronics12244959.

11. Hussain S, Bacha SFN, Cheema AA, Canberk B, Duong TQ. Geometrical features based-mmWave UAV path loss
prediction using machine learning for 5G and beyond. IEEE Open J Commun Soc. 2024;5:5667–79. doi:10.1109/
OJCOMS.2024.3450089.

12. Li H, Mao K, Ye X, Zhang T, Zhu Q, Wang M, et al. Air-to-ground path loss model at 3.6 GHz under
agricultural scenarios based on measurements and artificial neural networks. Drones. 2023;7(12):701. doi:10.3390/
drones7120701.

13. Ali S, Abu-Samah A, Saqib N, Liyana Mohd Kamal N, Fadzilah Abdullah N. 5G unmanned aerial vehicle placement
for mountainous environment using deep reinforcement learning. IEEE Access. 2025;13:204241–59. doi:10.1109/
ACCESS.2025.3622500.

14. Lyu Y, Wang W, Sun Y, Rashdan I. Measurement-based fading characteristics analysis and modeling of UAV to
vehicles channel. Veh Commun. 2024;45(7):100707. doi:10.1016/j.vehcom.2023.100707.

15. Huang Y, Zhang J, Zhang X, Chen Z, Zhou L, Wang X, et al. Non-stationary UAV A2G channel characterization:
from urban measurements to expert-assisted neural modeling. IEEE Trans Veh Technol. 2026. doi:10.1109/TVT.
2026.3671317.

16. Jiang J, Lian L, Yu T, Shi Q, Zhang S, Chen X, et al. A novel dual-driven channel estimation scheme for spatially non-
stationary fading environments. IEEE Trans Wirel Commun. 2024;23(7):7027–42. doi:10.1109/TWC.2023.3336973.

17. Banerjee A, Dhar AS. A novel paradigm of CORDIC-based FFT architecture framed on the optimality of high-
radix computation. Circuits Syst Signal Process. 2021;40(1):311–34. doi:10.1007/s00034-020-01472-0.

18. Fang C, Mao K, Fang S, Zhao Z, Hua B, Liu T, et al. CORDIC-based general multiple fading generator for wireless
channel digital twin. Sensors. 2023;23(5):2712. doi:10.3390/s23052712.

19. Seng KP, Lee PJ, Ang LM. Embedded intelligence on FPGA: survey, applications and challenges. Electronics.
2021;10(8):895. doi:10.3390/electronics10080895.

20. Cong J, Lau J, Liu G, Neuendorffer S, Pan P, Vissers K, et al. FPGA HLS today: successes, challenges, and
opportunities. ACM Trans Reconfigurable Technol Syst. 2022;15(4):51. doi:10.1145/3530775.

21. Aragón-Zavala A, Cuevas-Ruíz JL, Delgado-Penín JA. High-altitude platforms for wireless communications.
Hoboken, NJ, USA: John Wiley & Sons; 2008. doi:10.1002/9780470997437.

22. Cao X, Su X, Yang P, Gao Y, Oliver Wu D, Quek TQS. Survey on near-space information networks: channel
modeling, transmission, and networking perspectives. IEEE Commun Surv Tutorials. 2026;28(18):672–715. doi:10.
1109/COMST.2025.3549523.

23. Wu J, Yang Y, Yuan W, Liu W, Wang J, Mao T, et al. Low-altitude wireless networks: a comprehensive survey. Chin
Commun. 2026;23(3):99–141. doi:10.23919/JCC.fa.2025-0429.202603.

24. Zhu Q, Wang CX, Hua B, Mao K, Jiang S, Yao M. 3GPP TR 38.901 channel model. In: Wiley 5G ref: the essential 5G
reference online. Hoboken, NJ, USA: John Wiley & Sons, Ltd.; 2021. p. 1–35. doi:10.1002/9781119471509.w5GRef048.

https://doi.org/10.1109/MNET.2025.3574922
https://doi.org/10.1007/s11277-021-08968-1
https://doi.org/10.1109/JSAC.2023.3274175
https://doi.org/10.1201/9781003457428
https://doi.org/10.3390/electronics12092014
https://doi.org/10.3390/s23104775
https://doi.org/10.3390/electronics12244959
https://doi.org/10.1109/OJCOMS.2024.3450089
https://doi.org/10.1109/OJCOMS.2024.3450089
https://doi.org/10.3390/drones7120701
https://doi.org/10.3390/drones7120701
https://doi.org/10.1109/ACCESS.2025.3622500
https://doi.org/10.1109/ACCESS.2025.3622500
https://doi.org/10.1016/j.vehcom.2023.100707
https://doi.org/10.1109/TVT.2026.3671317
https://doi.org/10.1109/TVT.2026.3671317
https://doi.org/10.1109/TWC.2023.3336973
https://doi.org/10.1007/s00034-020-01472-0
https://doi.org/10.3390/s23052712
https://doi.org/10.3390/electronics10080895
https://doi.org/10.1145/3530775
https://doi.org/10.1002/9780470997437
https://doi.org/10.1109/COMST.2025.3549523
https://doi.org/10.1109/COMST.2025.3549523
https://doi.org/10.23919/JCC.fa.2025-0429.202603
https://doi.org/10.1002/9781119471509.w5GRef048


22 Comput Mater Contin. 2026;89(1):77

25. Arya S, Chung YH. A comprehensive survey on optical scattering communications: current research, new trends,
and future vision. IEEE Commun Surv Tutorials. 2024;26(2):1446–77. doi:10.1109/COMST.2023.3339371.

26. Ren Y, Zhou M, Teng X, Meng S, Tang W, Li X, et al. Time-domain channel measurements and small-scale fading
characterization for RIS-assisted wireless communication systems. IEEE Trans Veh Technol. 2024;73(10):14127–42.
doi:10.1109/TVT.2024.3411593.

27. Xie J, Jiang Z, Liu J, Yu J, Luo S, Guo C, et al. Design and verification of a massive MIMO channel emulator for
5G/6G system performance testing. IEEE J Microw. 2025;5(3):640–53. doi:10.1109/JMW.2025.3557566.

28. Xu C, Luan T, Mao H, Chen W. A novel DPD model based on residual input GRU deployed on FPGA and
its compression strategy. In: Proceedings of the 2025 6th Information Communication Technologies Conference
(ICTC); 2025 Aug 22–24; Nanjing, China. p. 147–52. doi:10.1109/ICTC67375.2025.11292159.

29. Shah NA. Heterogeneous acceleration for 5G new radio channel modelling using FPGAs and GPUs [Ph.D. thesis].
Turin, Italy: Politecnico di Torino; 2023.

30. Iliev I, Velchev Y, Petkov PZ, Bonev B, Iliev G, Nachev I. A machine learning approach for path loss prediction
using combination of regression and classification models. Sensors. 2024;24(17):5855. doi:10.3390/s24175855.

31. Fang S, Mao T, Hua B, Ding Y, Song M, Zhou Q, et al. A scalable spatial-temporal correlated non-stationary channel
fading generation method. Electronics. 2023;12(19):4132. doi:10.3390/electronics12194132.

32. Fang Z, Zhao H, Feng Y, Wu Y, Sun Y, Yang Q, et al. Field strength prediction in high-speed train carriages using
a multi-neural network ensemble model with optimized output weights. Appl Sci. 2025;15(5):2709. doi:10.3390/
app15052709.

33. Tang X, Feng D, Li K, Liu J, Song J, Sheng VS. An improved BPNN prediction method based on multi-strategy
sparrow search algorithm. Comput Mater Contin. 2023;74(2):2789–802. doi:10.32604/cmc.2023.031304.

34. Danopoulos D, Stamoulias I, Lentaris G, Masouros D, Kanaropoulos I, Kakolyris AK, et al. LSTM acceleration
with FPGA and GPU devices for edge computing applications in B5G MEC. In: Embedded computer systems:
architectures, modeling, and simulation. Cham, Switzerland: Springer International Publishing; 2022. p. 406–19.
doi:10.1007/978-3-031-15074-6_26.

https://doi.org/10.1109/COMST.2023.3339371
https://doi.org/10.1109/TVT.2024.3411593
https://doi.org/10.1109/JMW.2025.3557566
https://doi.org/10.1109/ICTC67375.2025.11292159
https://doi.org/10.3390/s24175855
https://doi.org/10.3390/electronics12194132
https://doi.org/10.3390/app15052709
https://doi.org/10.3390/app15052709
https://doi.org/10.32604/cmc.2023.031304
https://doi.org/10.1007/978-3-031-15074-6_26

	Artificial Neural Network Modeling and LO-CORDIC Multi-Fading Generation for UAV Channel Simulator
	1 Introduction
	2 Theoretical Foundations and Related Technologies
	3 ANN Model Design for A2G Path Loss Prediction
	4 LO-CORDIC for Channel Fading Generation
	5 Experimental Verification and Result Analysis
	6 Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


