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Abstract: Variable Active Antenna Spatial Modulation
(VASM) is a spatial modulation variant designed to improve
spectral efficiency and offer greater flexibility in system
configuration. In this paper, we propose a feedforward neural
network (FNN) framework to address the transmit antenna
selection (TAS) problem, aiming to enhance performance
in VASM systems operating over Rician fading channels.
Computational results demonstrate that our novel FNN-TAS
algorithm provides a significant reduction in computational
costs compared to the standard Euclidean distance-based
method. Additionally, simulation results indicate that the
bit error rate (BER) of the VASM system increases with
the Rician factor. However, the proposed FNN-TAS method
effectively improves BER performance for VASM systems,
particularly at high Rician factors, and outperforms conven-
tional TAS methods based on channel gain.

Index Terms: Variable active antenna spatial modulation
(VASM), antenna selection (TAS), feedforward neural network
(FNN), Euclidean distance-based TAS (ED-TAS), Rician fading
channel.

I. INTRODUCTION

Driven by the rapid advancement of sixth-generation
(6G) wireless technology [1], future communication sys-
tems must meet unprecedented requirements, including
ultra-high data rates, ultra-low latency, and seamless con-
nectivity. Achieving these goals while ensuring spectral and
energy efficiency is crucial for the sustainable and scalable
deployment of next-generation networks.

Among the key technologies shaping 6G, Multiple-Input
Multiple-Output (MIMO) has been widely recognized for
its ability to enhance spectral efficiency, improve signal
reliability, and support massive connectivity [2]. Within the
broader family of multi-antenna transmission techniques,
Spatial Modulation (SM) [3] has gained increasing attention
due to its ability to reduce hardware complexity while

maintaining high spectral efficiency, making it a promising
candidate for energy-efficient next-generation systems [4].

In SM systems, the bitstream is divided into equally
sized groups, with each group further split into two parts.
The first part selects an Amplitude and Phase Modulation
(APM) symbol, while the second part activates an antenna
index to transmit the selected APM symbol. Due to this
straightforward operational principle, SM systems enhance
spectral efficiency, reduce inter-antenna interference, and
minimize radio frequency chain requirements.

Unlike conventional spatial modulation systems, such
as SM, Generalized SM (GSM) [5], and Quadrature SM
(QSM) [6], which activate a fixed number of transmit
antennas (TAs) in a time slot, Variable Active Antenna
Spatial Modulation (VASM) [7] is an SM variant that
offers the flexibility to vary the quantity of active TAs.
This approach further enhances spectral efficiency while
reducing the number of required TAs. Additionally, VASM
enables more straightforward TA configuration selection,
as the TA count is not restricted to powers of two. VASM
thus presents itself as a promising candidate for high-speed
wireless systems with flexible antenna usage [8–11].

In MIMO systems applying spatial modulation princi-
ples, a portion of the information is conveyed through the
indices of the active TAs. Studies have shown that increas-
ing the number of TAs can enhance spectral efficiency, but
it may come at the cost of increased BER [4]. In MIMO
systems with a large number of TAs, potentially reaching
hundreds (massive MIMO [12]), using all TA indices to
transmit additional information through SM principles is
impractical, as this would result in an excessively high
BER, compromising system quality. Moreover, each TA
corresponds to a unique transmission channel, potentially
offering varying transmission effectiveness. Therefore, se-
lecting the appropriate TAs for modulation and signal trans-
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mission is crucial in systems operating on SM principles
like VASM.

Various antenna selection techniques have been proposed
to address this critical aspect in family SM systems [13–16].
Channel-Gain-based TAS (CG-TAS) as well as Euclidean
distance-based TAS (ED-TAS) [13] are two fundamental
techniques underpinning most TAS schemes for SM and
its variants. CG-TAS selects TAs based on their channel
gains, while ED-TAS uses an exhaustive search to optimize
the Euclidean distance between transmit signals, resulting
in the best BER performance.

To reduce the computational complexity of ED-TAS
while maintaining near-optimal BER performance, various
antenna selection strategies have been proposed for VASM
systems. One such strategy, the hierarchical approach com-
bining CG-TAS together with ED-TAS, termed HC-TAS,
is presented in [17–19]. This algorithm offers a flexible
trade-off between computational complexity and BER per-
formance, adapting to diverse system requirements.

The Rician fading channel is a widely observed propa-
gation model in wireless communications, characterized by
the presence of a dominant line-of-sight (LoS) component
alongside multiple weaker multipath components [20]. This
channel model is particularly relevant in scenarios where a
strong direct transmission path coexists with scattered re-
flections, such as in satellite communications, urban mobile
networks, and millimeter-wave systems.

However, previous studies [21–23] have demonstrated
that the BER performance of spatial modulation-based
systems significantly degrades in Rician fading channels
as the Rician factor increases. This degradation occurs
because, in scenarios where the LoS component is domi-
nant, the receiver faces increased difficulty in distinguishing
which antenna transmitted the signal, leading to a higher
probability of antenna index detection errors. In such con-
ditions, conventional TAS schemes that rely on channel
gain metrics, such as CG-TAS and HC-TAS, may become
ineffective in Rician fading environments. This challenge
underscores the necessity of developing advanced TAS
techniques tailored to the unique characteristics of Rician
channels to maintain robust system performance.

Recently, several studies have explored the use of neu-
ral networks to replace traditional TAS methods for SM
family systems [24–28]. These approaches have shown
promising improvements in performance metrics. For ex-
ample, studies such as [24, 25] proposed using deep
neural networks (DNNs) for TAS and signal detection in
SM-MIMO systems, achieving near-optimal BER perfor-
mance with low computational complexity. Three typical
DNNs—feedforward neural networks (FNN), convolutional
neural networks (CNN), and recurrent neural networks

(RNN)—have been employed for TAS in SM-MIMO sys-
tems [26] and for fully generalized spatial modulation
(FGSM) systems in [27]. These studies demonstrated that
leveraging DNNs for TAS can significantly reduce compu-
tational burden while improving BER performance.

However, these prior works have primarily focused on
minimizing computational complexity and achieving near-
optimal BER performance under Rayleigh fading channel
conditions. As far as we are aware, no existing study has
explored TAS under Rician fading conditions, which are
commonly encountered in practical scenarios, or within
VASM systems.

Additionally, CNNs are particularly effective for spatially
correlated data due to their ability to extract local features,
while RNNs excel at modeling sequential data owing to
their capacity to retain temporal dependencies. For data
such as random wireless channels, where spatial and tem-
poral correlations are minimal or nonexistent, FNNs are a
practical and efficient choice [29].

For these reasons, in this paper, we propose employing
an FNN-based TAS approach for VASM systems operating
over Rician fading channels.

The main contributions of this paper can be summarized
as follows:

• This paper develops an FNN structure for efficient
antenna selection in VASM systems, achieving notable
computational complexity reductions over the optimal
ED-TAS method and delivering improved BER perfor-
mance relative to CG-TAS and HC-TAS under high
Rician factor conditions.

• We propose five distinct techniques for constructing
datasets to train neural networks for antenna selection
and compare the effectiveness between them.

• We calculate and compare computational complexity
to demonstrate the superiority of FNN-based TAS
(FNN-TAS) over ED-TAS.

• Reliable simulation results are presented to evaluate
the influence of the Rician factor and the efficacy of
various TAS techniques on the BER performance of
VASM systems employing the proposed methods.

The remainder of the paper is organized as follows:
Section II presents the VASM system model with TAS
and the Rician channel model. Section III details the
antenna selection method using FNN. Simulation results
are provided in Section IV. Section V concludes the paper
and suggests future research directions.

Notations: The notations used throughout this paper
are defined as follows. Italic lowercase letters represent
variables, while bold uppercase letters denote matrices, and
bold lowercase letters signify vectors. The notation (•)𝑇
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Figure 1. VASM system architecture incorporating TAS.
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Figure 2. Proposed FNN architecture.

is used for the transpose operation, and (•)𝐻 indicates the
Hermitian transpose operation. The symbol ∥•∥ denotes the
calculation of a norm. A matrix of size 𝐴×𝐵 is represented
by C𝐴×𝐵, and 𝐶𝑎

𝑏
signifies the combination of 𝑎 elements

chosen from 𝑏 elements. Finally, the expectation operator
is denoted by E[•].

II. SYSTEM MODEL

The VASM transceiver model [11] incorporating FNN-
TAS is illustrated in Fig. 1. This model differs from pre-
vious VASM models by employing FNN-TAS for transmit
antenna selection instead of traditional methods [17].

In this setup, the transmitter is equipped with 𝑁𝑇 TAs,
but only 𝑁𝑡 of these TAs are actively used for data
transmission, where 𝑁𝑡 < 𝑁𝑇 . On the receiver side, there
are 𝑁𝑅 receive antennas (RAs). The channel between
the transmitter and receiver is represented by the channel
matrix H ∈ C𝑁𝑅×𝑁𝑇 . When 𝑁𝑡 TAs are selected, the
channel matrix is reduced to an effective channel matrix
H𝑡 ∈ C𝑁𝑅×𝑁𝑡 , obtained by selecting the corresponding
columns of H.

This study considers the Rician fading channel model,
which is widely used to describe environments where a

strong LoS component is present alongside several scattered
non-LoS (NLoS) paths. This channel can be mathematically
expressed as the sum of a deterministic LoS compo-
nent HLoS ∈ C𝑁𝑅×𝑁𝑇 and a stochastic NLoS component
HNLoS ∈ C𝑁𝑅×𝑁𝑇 with CN(0, 1). The channel model is
given by [20]:

H =

√︂
𝐾

𝐾 + 1
HLoS +

√︂
1

𝐾 + 1
HNLoS, (1)

here 𝐾 is Rician factor that represents the power ratio of
the LoS to NLoS components.

In the system, the receiver first estimates the channel state
information (CSI) and feeds this information return to the
transmitter. Utilizing the received channel knowledge, the
transmitter selects 𝑁𝑡 TAs out of the total available 𝑁𝑇 TAs
to transmit the data, aiming to maximize the quality of the
signal and thus improve the overall system performance.

The input data bit sequence 𝑏 is segmented into groups
of fixed length (𝑁𝑡−1)+log2 (𝑀) bits, where 𝑀 denotes the
modulation order of the APM scheme. Each group is then
divided into two parts: the first part, comprising 𝑁𝑡 −1 bits,
represents the spatial bits, while the second part, containing
log2 (𝑀) bits, represents the symbol bits.
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The spatial bits specify the activation states of the TAs,
with a bit value of 1 indicating an active TA and a bit
value of 0 indicating an inactive one. In cases where all
spatial bits are 0, the last TA within the chosen set of 𝑁𝑡
TAs is activated. The remaining log2 (𝑀) bits are modulated
into an APM symbol, 𝑠𝑚 ∈ S, 𝑚 ∈ [1;𝑀], which is then
mapped to the positions of the active TAs, forming the
transmitted VASM signal vector x ∈ X.

Using the above simple mapping principle, VASM acti-
vates between 1 and 𝑁𝑡 − 1 TAs to emit signals within a
single time slot, achieving a spectral efficiency of log2 (𝑀)+
(𝑁𝑡 − 1) bits per channel use. Consequently, it can operate
with an unrestricted number of TAs, achieving considerably
greater spectral efficiency in comparison to other SM family
variants [18].

The received signal vector y ∈ C𝑁𝑅×1 is represented as
follows:

y =
√
𝛾H𝑡x + n, (2)

here n ∈ C𝑁𝑅×1, CN(0, 1), represents the additive white
Gaussian noise (AWGN) vector. 𝛾 represents the average
signal-to-noise ratio (SNR) at the receiver.

With the assumption of perfect CSI knowledge at the
receiver, the received signal is detected using optimal max-
imum likelihood detection [30], leading to the following
expression:

x̂ = argmin
x∈X



y − √
𝛾H𝑡x



2
, (3)

here x̂ denotes the estimated transmitted signal. x̂ is, finally,
mapped back to the original data bits.

III. TRANSMIT ANTENNA SELECTION

In a VASM-MIMO system, there are a total of 𝑁𝑇 TAs at
the transmitter, but the number of available radio frequency
chains is 𝑁 𝑓 < 𝑁𝑇 . The required number of TAs to be
selected for transmission is 𝑁𝑡 = 𝑁 𝑓 . The TAS problem
can thus be defined as the task of selecting 𝑁𝑡 columns out
of the 𝑁𝑇 columns of the channel matrix H with the best
quality for signal transmission.

1. Conventional transmit antenna selection methods

a) Transmit antenna selection based on channel gain

The CG-TAS method is a selection algorithm that
chooses the best 𝑁𝑡 TAs out of 𝑁𝑇 TAs based on the crite-
rion of maximizing individual channel gains. In particular,
the usage channel matrix HCG

𝑡 is constructed by choosing
𝑁𝑡 columns from the channel matrix H, as follows:

HCG
𝑡 =

[
h1 h2 · · · h𝑁𝑡

]
. (4)

These columns are selected by sorting the column norms
in descending order:

| |h1 | | > | |h2 | | > · · · > | |h𝑁𝑡
| | > · · · > | |h𝑁𝑇

| |. (5)

b) Transmit antenna selection using Euclidean distance

The ED-TAS approach is an optimization algorithm de-
signed to identify the optimal subset of TAs that maximizes
the minimum Euclidean separation between transmitted
signal vectors, thereby enhancing system performance.

HED
𝑡 = arg max

𝑐∈[1;𝐶𝑁𝑡
𝑁𝑇

]
{ min

x𝑖≠x 𝑗 ∈X
|| |H𝑐

𝑡 (x𝑖 − x 𝑗 ) | |2}. (6)

c) Combination of CG-TAS and ED-TAS in a hierarchi-
cal structure

The HC-TAS approach employs a sequential two-stage
process to select the optimal subset of TAs. In the initial
stage, a subset of 𝑁𝑠 TAs with the highest channel gains is
chosen from the total 𝑁𝑇 TAs, forming a reduced channel
matrix HCG

𝑁𝑠
:

HCG
𝑁𝑠

=
[
h1 h2 · · · h𝑁𝑠

]
, (7)

where the columns are sorted in descending order of their
norm. Subsequently, the ED-TAS algorithm is applied to
the reduced set of 𝑁𝑠 TAs to select the final 𝑁𝑡 TAs, as
expressed by the following optimization problem:

HHC
𝑡 = arg max

𝑑∈[1;𝐶𝑁𝑡
𝑁𝑠

]
min

x𝑖≠x 𝑗 ∈X
| |H𝑑

𝑡 (x𝑖 − x 𝑗 ) | |2. (8)

Thus, the HC-TAS method effectively leverages CG-TAS
for coarse-grained selection and ED-TAS for fine-grained
optimization.

2. Feedforward neural network-based transmit
antenna selection

a) FNN architecture design

The proposed FNN architecture is illustrated in Fig. 2.
It consists of several sequential layers, including an input
layer, an output layer, and fully connected hidden layers.
The network begins with an input layer that receives the
feature vector, followed by some fully connected (dense)
layers, each activated by a rectified linear unit (ReLU) layer
to introduce non-linearity. The output from the final dense
layer is passed to an output layer with a Softmax function to
compute a probability distribution across classes, assigning
the class with the highest probability as the final prediction.
This architecture enables the FNN to learn complex patterns
within the input data, facilitating accurate classification.
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Figure 3. Training and prediction procedure of proposed FNN.

b) Preparation of training data

To create the training dataset, the channel matrices with
complex values must be transformed into real-valued fea-
ture vectors compatible with FNN input requirements. The
steps for preparing the training data are as follows:

• Step 1: Generate a total of 𝑄 random channel matrices
H𝑞 , where 1 ≤ 𝑞 ≤ 𝑄, as given in (1).

• Step 2: Feature extraction from each channel matrix
H𝑞 . In this study, we derive five distinct feature
types from H𝑞 , each representing different channel
attributes. The extraction process for these features is
outlined below:
- Real and imaginary components (R&I):

f𝑞R&I =

[
ℜ(ℎ𝑞1,1),ℑ(ℎ𝑞1,1), . . . ,ℜ(ℎ𝑞

𝑁𝑅 ,𝑁𝑇
),ℑ(ℎ𝑞

𝑁𝑅 ,𝑁𝑇
)
]
,

(9)

where ℎ𝑞
𝑎,𝑏

, with 1 ≤ 𝑎, 𝑏 ≤ 𝑁𝑇 , is the (𝑎, 𝑏)-th entry
of H𝑞 .
- Magnitude (Mag):

f𝑞Mag = [|ℎ𝑞1,1 |, |ℎ
𝑞

1,2 |, . . . , |ℎ
𝑞

𝑁𝑅 ,𝑁𝑇
|], (10)

with |ℎ𝑞
𝑎,𝑏

| =
√︃
ℜ(ℎ𝑞

𝑎,𝑏
)2 + ℑ(ℎ𝑞

𝑎,𝑏
)2.

- Norm (Norm):

f𝑞Norm =

[
| |h𝑞1 | |, | |h

𝑞

2 | |, . . . , | |h
𝑞

𝑁𝑇
| |
]
. (11)

- Phase (Phase):

f𝑞Phase =

[
∠(ℎ𝑞1,1), ∠(ℎ

𝑞

1,2), . . . , ∠(ℎ
𝑞

𝑁𝑅 ,𝑁𝑇
)
]
, (12)

where ∠(ℎ𝑞
𝑎,𝑏

) = tan−1
(
ℑ(ℎ𝑞

𝑎,𝑏
)

ℜ(ℎ𝑞
𝑎,𝑏

)

)
.

- Correlation (Corr):

f𝑞Corr =

[
|h𝑞1

𝐻h𝑞1 |, |h
𝑞

1
𝐻h𝑞2 |, . . . , |h

𝑞

𝑁𝑇

𝐻h𝑞
𝑁𝑇

|
]
. (13)

After obtaining the features, normalization is per-
formed to prevent bias effects. Max-min normalization
is applied as follows:

f̄𝑞 =
f𝑞 − E[f𝑞]
fmax − fmin

, (14)

where fmin = min(f1, f2, . . . , f𝑄) and fmax =

max(f1, f2, . . . , f𝑄) are the minimum and maximum
values of the features, respectively.

• Step 3: Labeling. Each label 𝑐𝑞 corresponds to the
index of the optimal TA combination, derived based
on the following criterion:

𝑐𝑞 = arg max
𝑐∈[1;𝐶𝑁𝑡

𝑁𝑇
]

{
min

x𝑖≠x 𝑗 ∈X
| |H𝑞

𝑡,𝑐 (x𝑖 − x 𝑗 ) | |2
}
, (15)

where H𝑞
𝑡,𝑐 ∈ C𝑁𝑅×𝑁𝑡 are the sub-channel matri-

ces generated by selecting 𝑁𝑡 columns from the 𝑁𝑇

columns in H𝑞 ∈ C𝑁𝑅×𝑁𝑇 .

As a result, the training dataset is composed of two
parts: the feature vector set F = {f1

, f
2
, . . . , f

𝑄} and the
associated label vector c = {𝑐1, 𝑐2, . . . , 𝑐𝑄}. The neural
network is trained to map these features to labels by
minimizing a loss function, allowing it to predict optimal
antenna configurations in real-world channel scenarios.

c) Training and testing

Figure 3a provides a detailed illustration of the training
process of the proposed FNN. Initially, a dataset comprising
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generated channel realizations H𝑞 undergoes preprocessing
to extract relevant feature vectors and their corresponding
labels. For each channel matrix H𝑞 , a feature vector f𝑞 is
extracted based on one of the expressions from (9) to (13),
depending on the selected feature extraction technique, and
is subsequently normalized according to (14) to obtain
f
𝑞

. The corresponding label 𝑐𝑞 is determined using (15).
During training, the neural network learns the mapping
relationship between the feature vector f

𝑞
and the label 𝑐𝑞 .

The dataset is then divided into a training set and a testing
set, where the former is used for parameter optimization,
while the latter is employed to assess model generalization.
The training dataset is fed into a deep learning algorithm,
which iteratively updates the network parameters through
an optimization process. The trained model is subsequently
validated using the testing dataset, and performance evalu-
ation is conducted to ensure satisfactory accuracy. Once
optimal performance is achieved, the trained model is
deployed for real-time inference.

d) Prediction

Figure 3b demonstrates the prediction (inference) phase
of the deployed FNN. In this phase, the real channel matrix
Hreal, representing the actual communication environment,
undergoes the same preprocessing steps as in the training
phase to extract the feature vector freal. This feature vector
is then fed into the trained FNN model, which predicts
the label 𝑐real. This label corresponds to the optimal set
of transmitting antennas for the current channel conditions,
thereby facilitating enhanced transmission performance in
practical scenarios.

3. Computational complexity

In this study, we define the computational complexity of
TAS methods as the number of floating-point operations
(flops) required to determine the TA combination for the
VASM system.

According to the analysis results in [17, 18], the com-
putational complexity of conventional TAS methods can be
expressed as:

ΩCG-TAS = 𝑁𝑇 (4𝑁𝑅 − 1) + 𝑁𝑇𝑁𝑡 −
𝑁𝑡 (𝑁𝑡 + 1)

2
(16)

ΩED-TAS = 𝐶
𝑁𝑡

𝑁𝑇
×
(

22𝜀 − 2𝜀

2
× (8𝑁𝑅𝑁𝑡 + 2𝑁𝑅 − 1)

+ 1) − 1, (17)

ΩHC-TAS = 𝑁𝑇 (4𝑁𝑅 − 1) + 𝑁𝑇𝑁𝑠 −
𝑁𝑠 (𝑁𝑠 + 1)

2

+ 𝐶𝑁𝑡

𝑁𝑠
×
(

22𝜀 − 2𝜀

2
× (8𝑁𝑅𝑁𝑡 + 2𝑁𝑅 − 1) + 1

)
− 1. (18)

Here, 𝜀 = (𝑁𝑡 − 1) + 𝑙𝑜𝑔2 (𝑀) is the spectral efficiency
of VASM.

For FNN-TAS, since the training process is conducted
offline, the computational complexity of FNN-TAS is the
sum of the flops from the data preprocessing step on real
channel and the flops from the FNN prediction phase.
However, the feature extraction process requires a relatively
small number of flops compared to the prediction phase,
and thus its computational cost can be neglected. Assuming
the FNN has 𝐿 hidden layers, with the number of neurons
in each layer denoted as [𝑛1, 𝑛2, ..., 𝑁𝐿] the computational
complexity of the prediction phase in the FNN is the total
number of dot-product operations and activations across
each layer. The total number of flops for the entire FNN is
given by [25]:

flopFNN = 𝑛in𝑛1 + 𝑛1

+
𝐿−1∑︁
𝑙=1

(𝑛𝑙 𝑛𝑙+1 + 𝑛𝑙+1) + 𝑛𝐿𝑛out + 𝑛out, (19)

where 𝑛in and 𝑛out are the number of neurons in the input
and output layers of the FNN, respectively.

Since different feature extraction techniques lead to vary-
ing computational complexities for the data preprocessing
step and input size (𝑛in), we calculate the computational
complexity of FNN-TAS for the five proposed feature
extraction methods as follows:

ΩFNN-TAS (R & I) = 2𝑁𝑅𝑁𝑇𝑛1 + 𝑛1

+
∑︁𝐿−1

𝑙=1
(𝑛𝑙𝑛𝑙+1 + 𝑛𝑙+1)

+ 𝑛𝐿𝑛out + 𝑛out, (20)

ΩFNN-TAS (Mag) = 𝑁𝑅𝑁𝑇𝑛1 + 𝑛1

+
∑︁𝐿−1

𝑙=1
(𝑛𝑙𝑛𝑙+1 + 𝑛𝑙+1)

+ 𝑛𝐿𝑛out + 𝑛out, (21)

ΩFNN-TAS (Phase) = 𝑁𝑅𝑁𝑇𝑛1 + 𝑛1

+
∑︁𝐿−1

𝑙=1
(𝑛𝑙𝑛𝑙+1 + 𝑛𝑙+1)

+ 𝑛𝐿𝑛out + 𝑛out, (22)

ΩFNN-TAS (Norm) = 𝑁𝑇𝑛1 + 𝑛1

+
∑︁𝐿−1

𝑙=1
(𝑛𝑙𝑛𝑙+1 + 𝑛𝑙+1)

+ 𝑛𝐿𝑛out + 𝑛out, (23)

ΩFNN-TAS (Corr) = 𝑁𝑇
2𝑛1 + 𝑛1

+
∑︁𝐿−1

𝑙=1
(𝑛𝑙𝑛𝑙+1 + 𝑛𝑙+1)

+ 𝑛𝐿𝑛out + 𝑛out, (24)
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Table I
SIMULATION PARAMETERS FOR THE SYSTEM.

Parameter Value
Total number of TAs 𝑁𝑇 = 10
Number of TAs selected 𝑁𝑡 = 3
Number of temporary TAs in HC-TAS 𝑁𝑠 = 4, 5, 6
Number of RAs 𝑁𝑅 = 4
APM modulation level 𝑀 = 4 (QPSK)
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Figure 4. BER performance of the VASM system with Ran-TAS versus
SNR for 𝐾 = 0 : 25 dB.

Equations (20) through (24) clearly show that the com-
putational complexity of the proposed FNN-TAS scheme
depends only on the total number of TAs, the number of
RAs, and the architecture of the neural network. Impor-
tantly, it is unaffected by both the count of selected TAs
and the modulation order of APM.

IV. SIMULATION RESULTS AND DISCUSSIONS

This section presents simulations of the VASM system,
employing the previously discussed TAS techniques under
various Rician channel coefficients, to assess the effective-
ness of the proposed FNN-TAS approach. For clarity, the
simulation parameters used are listed in Table I and II. Ran-
TAS refers to the method of randomly selecting 𝑁𝑡 TAs
from a total of 𝑁𝑇 TAs.

1. Investigation of the impact of Rician factor on
BER performance of VASM systems

It can be observed from Fig.4 that the system’s BER
performance declines with increasing 𝐾-factor. The reason
is that, with a higher 𝐾-factor, the LoS component becomes
dominant, causing the differences between the channel
paths to become smaller. As a result, the receiver has more
difficulty distinguishing which TAs transmitted the signal.

Table II
TRAINING HYPERPARAMETERS OF THE FNN

Hyperparameter Value
Sample size (𝑄) 105

Holdout ratio 80-20%
Optimizer Adam
Activation function ReLU
Max epochs 500
Mini batch size 64
Initial learn rate 0.00015
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Figure 5. Comparison of the efficiency of feature extraction techniques
through the BER performance of the VASM system employing FNN-
TAS.

This reduces the accuracy of TAs index detection, which,
in turn, leads to an increased BER. These results are fully
consistent with those reported in [21–23].

2. Assessment of the effectiveness of feature extrac-
tion techniques

The paper extracted five important channel features to
create the training dataset. However, it is unclear which
feature will yield the best performance. Therefore, in this
subsection, we evaluate the BER performance achieved
by FNN-TAS using five datasets generated by extracting
these five channel features. For this analysis, we employ
an FNN (64/32/16) with 𝐾 = 10 dB and 𝐾 = 20 dB. The
results in Fig. 5 indicate that FNN-TAS (Corr) achieves
the best BER performance, followed by FNN-TAS (Phase),
FNN-TAS (Mag), FNN-TAS (Norm), and finally, FNN-
TAS (R&I). This demonstrates that the correlation feature
among the columns of the channel matrix contains valuable
information that enhances the learning capability of the
FNN more effectively than the other features. Based on
these results, we will focus on using dataset extracted by
this feature in subsequent simulations.
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Figure 6. FNN-TAS BER performance in VASM system for different
hidden layer setups at 𝐾 = 20 dB.

3. Evaluation of BER performance of FNN-TAS with
different network configurations

Figure 6 illustrates the BER performance results of the
FNN-TAS-VASM system, where neural networks with dif-
ferent numbers of hidden neurons share a common dataset
extracted from correlation features between the columns of
the channel matrix, with 𝐾 = 20 dB. It is evident that as
the number of hidden neurons increases, the BER perfor-
mance improves significantly. However, when the network
configuration changes from 256/256/256 to 512/512/512,
the BER performance not only fails to improve but even
degrades, whereas the computational complexity increases
significantly. Therefore, the FNN (256/256/256) configura-
tion can be considered an optimal choice for subsequent
simulations.

4. BER performance evaluation of TAS-VASM
systems under varying Rician factors

In Figs. 7, 8, and 9, we compare the BER performance
of the VASM system achieved by the proposed FNN-TAS
(256/256/256) and traditional TAS selection methods at 𝐾-
factors of 0 (Rayleigh channel), 10 dB, and 20 dB. The
results show that as the 𝐾-factor increases, the system’s
BER performance deteriorates for all TAS methods. How-
ever, the introduced FNN-TAS consistently surpasses CG-
TAS, Ran-TAS, and even HC-TAS (𝑁𝑠 = 4 and 𝐾 = 10 dB),
with a lower rate of degradation. Notably, in Fig. 9, at the
higher 𝐾-factor of 20 dB, the BER performance of FNN-
TAS surpasses HC-TAS (𝑁𝑠 = 4, 5, 6) and nearly matches
the optimal performance of ED-TAS.

This result clearly demonstrates that FNN-TAS performs
effectively in Rician channel conditions with high Rician
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Figure 7. Comparison of BER performance enhancement achieved by
TAS methods in VASM system at 𝐾 = 0.
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Figure 8. Comparison of BER performance for VASM systems
employing various TAS techniques at 𝐾=10 dB.

factors. The reason is that under high Rician factor condi-
tions, the transmission channel is relatively stable, facilitat-
ing feature extraction and learning from the characteristics
by the FNN. Consequently, higher performance is achieved.

5. Computational complexity comparison

Based on expressions from (16) to (24), along with
the system parameters outlined above and the FNN
(256/256/256), we have determined the computational com-
plexity of the TAS algorithms, as illustrated in Fig. 10. The
various feature extraction techniques result in disparate lev-
els of computational complexity, albeit the differences are
not significant. Notably, the FNN-TAS approach requires
substantially less computational burden in comparison with
ED-TAS and is comparable to HC-TAS.
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Figure 9. BER performance comparison of VASM systems using
different TAS approaches at 𝐾=20 dB.
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Figure 10. Computational complexity of TAS methods.

These results suggest that FNN-TAS is a favorable option
for TAS in VASM systems under Rician fading channels,
as it balances computational complexity with significant
improvements in BER performance.

V. CONCLUSION AND FUTURE WORKS

This paper proposed the FNN-TAS scheme for VASM
systems under Rician fading channels, achieving low com-
plexity while maintaining superior BER performance. The
proposed scheme demonstrates notable advantages in Ri-
cian channels with a dominant LoS component, providing
valuable insights into TAS design tailored to channel con-
ditions. Performance evaluations indicate that correlation-
based features between channel matrix columns are the
most informative for FNN training. Additionally, an optimal
configuration with 256 neurons per hidden layer achieves

a favorable trade-off between computational complexity
and classification accuracy. The proposed FNN-TAS out-
performs conventional HC-TAS and CG-TAS while closely
approximating ED-TAS performance at a significantly re-
duced computational cost.

In future research, we will focus on extending FNN-TAS
to low-latency applications, such as intelligent transporta-
tion and UAV communications. Furthermore, the potential
of advanced neural network architectures for TAS in multi-
antenna systems will be explored to enhance both efficiency
and adaptability.
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