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Abstract: Backscatter communication (BC) is a promising technology for low-power and low-data-
rate applications, though the signal detection performance is limited since the backscattered signal
is usually much weaker than the original signal. When the detection performance is poor, the
backscatter device (BD) may not be able to accurately detect and interpret the incoming signal,
leading to errors and degraded communication quality. This can result in data loss, slow data transfer
rates, and reduced reliability of the communication link. This paper proposes a novel approach
to improve the detection performance of backscatter communication systems using evolutionary
deep learning. In particular, we focus on training deep convolutional neural networks (DCNNs)
to improve the detection performance of BC. We first develop a novel hybrid algorithm based on
artificial bee colony (ABC), biogeography-based optimization (BBO), and particle swarm optimization
(PSO) to optimize the architecture of the DCNN, followed by training using a large set of benchmark
datasets. To develop the hybrid ABC, the migration operator of the BBO is used to improve the
exploitation. Moving towards the global best of PSO is also proposed to improve the exploration of
the ABC. Then, we take advantage of the proposed deep architecture to improve the bit-error rate
(BER) performance of the studied BC system. The simulation results demonstrate that the proposed
algorithm has the best performance in training the benchmark datasets. The results also show that
the proposed approach significantly improves the detection performance of backscattered signals
compared to existing works.

Keywords: backscatter communication; detection performance; bit-error rate; deep convolutional
neural network; hybrid artificial bee colony

1. Introduction

Wireless communication has undergone tremendous advancements in recent years,
with backscatter communication (BC) emerging as a promising technique for low-power
and low-cost wireless communication. In BC, the transmitter sends a signal to the receiver,
which is reflected by a semi-passive device such as a backscatter device (BD), modulating
the signal to convey information. In fact, BC allows BDs to transmit data to legitimate
receivers by reflecting and modulating an existing radio frequency (RF) signal, instead of
generating their own signal [1-5]. The BC technique uses a low-power, battery-free BD as a
tag or sensor, which is equipped with a small antenna and a microcontroller. BC eliminates
the need for a dedicated transmitter in the BD, which saves power and reduces the size
and cost of the device, and this makes it suitable for the Internet of Things (IoT) [6-9].
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However, the performance of BC systems is limited by the low signal-to-noise ratio
(SNR), interference, and other factors, making it challenging to detect the backscattered
signals accurately. The backscatter signal is typically weaker than the original RF signal,
due to losses in the BD antenna, reflection, and transmission. As a result, the SNR at the
receiver can be low, which can affect the detection performance. The low SNR can also
cause interference from other sources, such as thermal noise, multipath fading, or other
signals in the same frequency band. BC typically uses simple modulation schemes, such as
on-off keying (OOK) or amplitude shift keying (ASK), which have a lower data rate and
a higher susceptibility to noise and interference. The modulation scheme can also affect
the bit-error rate (BER) performance, as some schemes are more sensitive to changes in the
signal phase or frequency. BC performance can be affected by the distance between the BD
and the reader. As the distance increases, the backscatter signal strength decreases, and the
detection performance becomes worse [10-14]. This distance-dependent performance can
be mitigated using a higher-power reader, a higher-gain antenna, or a larger BD antenna.
BC can be susceptible to interference from other devices operating in the same frequency
band. For example, if there are multiple BDs or readers in the same area, they can interfere
with each other’s signals, causing errors or collisions [15,16].

When utilizing deep learning (DL)-based approaches for signal detection in BC sys-
tems, there are two primary obstacles to overcome. Firstly, due to the low signal power
received from the backscatter link in comparison to the direct link, the two hypotheses
(whether the BD backscatters ambient RF source signals or not) have a minor difference,
making it challenging for DL to complete the classification task. Secondly, unlike the
typical classification tasks in computer vision, where a 10% error rate is acceptable, the
BD signal detection task in BC systems has a lower BER requirement, usually less than
0.01. To address this challenge, our paper proposes a novel approach to improving the
detection performance of BC systems by leveraging the advantage of evolutionary DL.
Specifically, we focus on training deep convolutional neural networks (DCNNSs) to enhance
the detection accuracy of BC.

1.1. Paper Motivation

A review of the literature shows that various machine learning (ML) algorithms
have been suggested to improve the detection performance of backscatter communication
systems, such as DL and neural networks. However, there is no clear indication of which
model is the most effective. Since 2006, DL has been a popular topic in the ML field due to
the development of system processing power and data availability. DL models have been
shown to be better than traditional ML models. These methods have become more popular
due to their ability to reduce computation time and increase the convergence curve. Over
the past few years, DCNNs have exhibited notable proficiency in several applications, such
as estimation, classification, and detection, particularly for complex and high-dimensional
data. DCNNSs are well-suited to detecting patterns in complex and noisy signals, making
them an ideal candidate for improving the detection performance of BC systems [17-19].
DCNN s are inspired by the way neurons transmit information in biological processes.
Unlike traditional networks that only comprise input and output layers, DCNNs are based
on multilayer perceptron with a fully connected architecture.

DCNN is a well-known DL approach that has been proven to be effective because of
its ability to train the hierarchical layers successfully. It requires minimal pre-processing
and fine-tunes all the layers of the network. DCNN reduces the number of parameters by
utilizing spatial relationships between features. DCNNs have the ability to automatically
acquire progressively more intricate features from unprocessed pixel data, enabling them
to capture and depict high-level concepts and abstractions. Fine-tuning a DCNN trained
on one task for a related task can enhance its performance and decrease the amount of
training data required. DCNNS5s are also highly parallelizable, which makes them suitable
for processing vast amounts of image data simultaneously using multiple GPUs. As a
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result, this study employs a DCNN to improve the detection performance of backscatter
communication systems.

1.2. Paper Contributions

To optimize the architecture of the DCNN, we develop a novel hybrid algorithm that
combines artificial bee colony (ABC) [20-22], biogeography-based optimization (BBO) [23-28],
and particle swarm optimization (PSO) techniques. This work proposes a novel approach
for improving the detection performance of BC. The proposed algorithm is capable of
efficiently searching the vast and complex space of DCNN architectures, identifying the
most effective architecture for improving the detection performance of BC. We then train
the optimized DCNN using a set of benchmark datasets, and demonstrate the efficacy
of our approach by showing that it outperforms existing methods in training benchmark
datasets and significantly improves the BER performance of the studied BC system model.
Our paper’s contributions include proposing a novel approach to improving the detection
performance of BC systems, developing a hybrid algorithm for optimizing DCNN architec-
tures, and demonstrating the efficacy of our approach in improving the BER performance
of BC systems.

The major contributions of this paper can be summarized as:

e  We introduce a novel hybrid optimization algorithm named HABC based on ABC,
BBO, and PSO, in which new agents such as neighborhood search, the migration of
bees, and movement towards the global best are introduced to improve the exploitation
and exploration abilities of the ABC algorithm. In the proposed HABC, the migration
operator of the BBO is used to improve the exploitation of the algorithm. Moving
towards the global best of PSO is also proposed to improve the exploration of the ABC;

e  We use HABC to adjust the optimization parameters of the DCNN and significantly
enhance the detection accuracy of the DCNN as the BD signal detector;

e  Extensive experiments are carried out using both benchmark functions and BC sample
data [29]. The results demonstrate that the suggested HABC-DCNN signal detection
technique can attain exceptional BER efficiency in comparison with the related works.
The simulation results for well-known real-world benchmark datasets show that the
proposed HABC algorithm achieves a better performance compared with some other
more well-known algorithms.

2. Literature Review

Several schemes have recently been developed to efficiently detect the BD signals
in BC systems. For instance, Liu et al. [30] implemented practical BDs and proposed an
energy detector that uses a differential coding scheme to decode BD signals, which is a
step towards achieving BC systems. Lu et al. [31] created an improved energy detection
method that requires perfect channel state information (CSI) knowledge. To address
this issue, Qian et al. [32] designed a semi-coherent detection method that needs only a
few pilots and unknown data symbols, substantially reducing signaling overhead and
decoding complexity. To avoid channel estimation, Wang et al. [33] applied a differential
encoding scheme to BD signals and proposed a minimum BER detector with an optimal
detection threshold.

Qian et al. in [34] conducted fundamental studies of BER performance for non-coherent
detectors on top of [33]. However, these methods either explicitly require channel estimation
or lead to unsatisfactory detection performance. As a solution, ML-based methods have
been developed recently to directly recover BD signals using only a few training pilots,
without explicitly estimating relevant channel parameters. For example, Zhang et al. [35]
proposed a clustering method to extract constellation symbol features, and developed two
constellation learning-based signal detection methods that obtain better BER performance.
Nevertheless, these schemes were designed for systems where the signal from the RF source
is a constellation-modulated signal.
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Hu et al. [36] changed the task of BD signal detection to a classification problem, and
developed the support vector machine (SVM)-based energy detection scheme to enhance
the BER performance. However, this ML technique requires a large number of training sam-
ples, and there is a significant gap between the proposed scheme and the optimal one. On
the other hand, DL techniques, which utilize a neural network to explore features optimally
in a data-driven manner, have demonstrated better performance in various areas [37-42].
However, wireless communication channels in real-world scenarios undergo significant
fluctuations over time, and the range of these changes can be very large. Additionally,
wireless transmission is often intermittent and can have a variable transmission pattern.
The authors of [29] proposed a method based on deep transfer learning (DTL), which
utilizes a DNN to extract time-varying features using a small amount of online training
data. They showed that their proposed method achieves a BER performance that is quite
similar to that of the optimal detection method when perfect CSI is available.

Today, in much of the research, meta-heuristic algorithms are used for learning
deep learning architectures [17,18,43—-46]. Yang et al. proposed an intelligent identifi-
cation approach using variational mode decomposition (VMD), composite multi-scale
dispersion entropy (CMDE), and a particle swarm optimization deep belief network
(PSO-DBN)—namely, VMD-CMDE-PSO-DBN—for bearing faults. Since the accuracy of
identifying faults cannot be maximized by manually setting the parameters of DBN nodes,
PSO is utilized to optimize the parameters of the DBN model. Based on the experimental
comparison and analysis, the VMD-CMDE-PSO-DBN approach has practical application in
intelligent fault diagnosis [45].

Training DL architectures is considered to be one of the most difficult problems in
ML. Gradient-based methods have significant drawbacks, such as being stuck in local
minima in multi-objective cost functions, requiring expensive execution times, and relying
on continuous cost functions. Training DLs is an NP-hard problem, and optimizing their
parameters using meta-heuristics has become increasingly popular. In recent decades,
many meta-heuristic algorithms have been introduced as potential solutions to various
engineering problems. It is challenging to adapt exploration and exploitation to solve
complicated optimization problems. To overcome these challenges, this paper introduces a
novel HABC to train DCNN. Using meta-heuristic algorithms to train DLs enhances the
learning process, improves algorithm accuracy, and reduces execution time [17].

3. System Model

This paper examines a common BC system, which includes a semi-passive BD, a reader
as a legitimate receiver, and an RF source, as illustrated in Figure 1. The RF source and the
passive BD both have one antenna, while the reader has an M-element antenna array for
detecting the backscattered signals. As the RF source operates through broadcasting, its
signal is received by both the reader and the BD simultaneously. Even though the BD is
considered a passive low-power device, it can transmit its binary BD symbols by deciding
whether to reflect the RF signals back to the reader. In this scenario, the reader can interpret
the BD symbols by detecting the variations in the received signals.

Assuming the baseband discrete-time signal model, the BD’s received signal can be
expressed as follows:

yg = \/Pshsp + np 1)

where y3p, Ps, hsp, and np denote the received signal at BD, the source’s power, the channel
coefficient between the RF source and BD, and the additive white Gaussian noise (AWGN)
at BD with zero mean and variance 62, respectively.

Now, according to Equation (1) and Figure 1, the reader’s received signal can be
expressed as follows:

YR = /PsS(t)hgghpr + /Pshsg + ng ()

where yg, S(t), hpr, hsr, and np denote the received signal at the reader, the information
signal backscattered from BD (assuming that BD is emitting with a unit power), the channel
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coefficient between BD and the reader, the channel coefficient between the RF source and
the reader, and the AWGN at the reader with zero mean and variance 6%, respectively. Here,
te{l1,---, T}is the t-th BD symbol period. It is worth noting that the noise power produced
by the BD’s antenna is significantly smaller than the signal from the RF source, thus it is
disregarded in Equation (2) according to [42]. According to Equation (2), the received SNR
at the reader can be obtained as follows:

| v/Ps(hsphpr + hsg) ?
R — (52
R

r

®)

¥ Forward
=) Backscattered Link

N

4, -
~

S
X\

(QA) ,é%
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Source Reader

Figure 1. The studied wireless BC system model with a single BD and reader case.

By assuming that the channel coefficient, i, follows Rayleigh distribution, then g = |h|?,
as the channel gains will follow the exponential distribution. Then, the SNR at the reader

can be rewritten as follows:
_ Psgspgnr

Psgsr
- + 4)
Ordspdip

I'r
Oxdsr

where dg‘B, d;g R’ d)S(R' and x denote the distance between the RF source and BD, the distance
between the BD and reader, the distance between the RF source and reader, and the channel
path-loss exponent, respectively. Additionally, the ratio of the average channel gains
between the direct link and the backscattered link in the studied BC system model is
determined as their relative coefficient, which is expressed as follows:

E(gsBgBR)
Y= S22 5
. E(gsr) ©

where E(5) denotes the probability of statistical expectation. Now, let us define the source-
to-BD ratio (SBR), which represents the number of RF source symbols in a single BD symbol
period, as equal to N. This means that each BD data symbol in the ¢-th BD symbol period
(5(t)) remains constant over N periods of RF source symbols. Therefore, for Vt, Equation (2)
can be rewritten as follows:

YR = ‘ut\/pss(t)hSBhBR+ v/ Pshgr + ng 6)

where y; € M = {0, 1} is used to represent the data symbol for the ¢-th BD in the context of
binary on-off keying modulation. In other words, when y; = 0, it means that BD is not
backscattering any data symbol, and when y; = 1, it means that BD chooses to reflect the
RF source together with its information. The objective of the BD signal detector is to retrieve
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ut according to the received N RF source symbols. Therefore, the process of detecting the
BD signal can be expressed as a binary hypothesis testing problem, as follows:

{ Hy: yr = /PsS(t)hgghpr + /Pshsg + ngr @
Ho: yr = /Pshsg +ng

where H; and Hj signify the hypotheses that y; = 1 and y; = 0, respectively.

4. The Proposed HABC

ABC, a well-known swarm-based meta-heuristic algorithm, was initially presented by
Karaboga in 2005 [20]. The algorithm is modeled after the intelligent search behavior of
honey bees. The ABC algorithm has been effectively utilized to address a diverse range
of optimization problems, such as function optimization, parameter tuning, and feature
selection. It is reputed for its uncomplicated nature, effectiveness, and ability to perform
well on both unimodal and multimodal problems. The ABC algorithm utilizes a group of
artificial bees to find the best possible solution to a problem. These bees are categorized
into three types: employed bees, onlooker bees, and scout bees, all of which play a crucial
role in the search process.

The scout bees conduct random searches in the exploration area to identify fresh
territories that have yet to be investigated. Exploring space is the responsibility of the scout
bees. Some scout bees who possess a strong fitness function are transformed into employed
bees. They evaluate the quality of the solutions using a fitness function, and communicate
the information about their best solutions to the onlooker bees. Based on the input provided
by the employed bees, the onlooker bees choose the most favorable solutions and enhance
them by investigating the exploration space near those selected solutions. These bees have
the dual role of carrying out both the exploration and exploitation phases of the algorithm.

The ABC algorithm employs two main approaches to arrive at the best possible
solution: scout and onlooker bees utilize random search, while employed and onlooker
bees engage in neighbor search. Employed bees focus on exploring the solution positions
and onlooker bees are created to select new food positions and explore the surrounding
areas. In addition, the algorithm generates random scout bees to discover new food
positions in the search space. The ABC algorithm can be represented mathematically using
Equations (8)—(10) [20].

fit;

i ®)
l 221;]1 fltn

Vij = Xij + ¢ij (Xz‘j - ij) ©)

X]L = Xfmn + rand(0,1) (X)yax — Xinin) (10)

where fit; = the fitness function of the i-th solution, X{ﬂ i = the low limit of search space,
P; = the probability of selecting employed bees by onlooker bees, V;; = onlooker bee,

X] = scout bees, SN = number of employed bees, X},;; = high limit of search space,
i€{l,2,...,5N}, j=dimension € {1,2, ..., D}, k = onlooker bee number, @ij is the random
number € [0,1], and L = scout bee number.

The standard ABC has limitations, such as low exploitation and the possibility of
getting trapped in local minima. The standard ABC focuses on conducting localized
searches around employed bees, while onlooker bees explore new food sources and conduct
searches in their vicinity. The main goal of onlooker bees is to enhance the fitness function of
solutions through targeted neighborhood searches around the employed bees. Suppose the
onlooker bees venture beyond conducting neighborhood searches around employed bees,
and also explore several of the best positions. In that case, this will result in the discovery
of diverse optimal solutions and the exploration of previously unexplored regions of the
search space. Consequently, the ABC executes a more effective local and global search
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while simultaneously promoting diversity in the solutions. This leads to an improvement
in the algorithm’s convergence rate.

In this paper, two other operators are proposed to improve the exploitation and
exploration of the standard ABC. To develop a hybrid ABC (HABC), the migration operator
of the BBO is used to improve the exploitation of the algorithm. Moving towards the global
best of PSO is also proposed to improve the exploration of the ABC. The HABC algorithm
utilizes the onlooker bees to search around the employed bee’s neighborhood, and they also
move towards the population’s best solution. This movement promotes diverse solutions
and explores different regions of the search space. Essentially, this transfer of information
from the best solution to other solutions increases the algorithm’s convergence speed. To
achieve this objective, the onlooker bee is designed to make a small movement towards
the best solution of the population. This movement is mathematically represented as
Equation (11).

VGij = Vij + v(XGjj — Vi) (11)

where VG;; = movement towards the global best, XG;; = the best global experience of bees,
7 = calibration rate, and V;; = onlooker bee. The process of migration happens when a
guest habitat sends its species to a host habitat. In the proposed HABC, the generalized
sinusoidal migration model is utilized. The emigration and immigration rates are defined
in Equations (12) and (13), respectively, as functions of the number of their species.

k() = g x (—COS<k(Zj\)]n + §0> +1) (12)
Ak = é X (cos(l((]Z;)]?T + g0> +1) (13)

where k(j) represents the rank of the species living in the j-th habitat, N represents popula-
tion size, and E and I display the highest rates of emigration and immigration, respectively.
Figure 2 shows the flowchart of the proposed HABC.

Start
}

Initialization and setting
‘

Create Scout (initial population) ]
'

Evaluate fitness function
}

End Termination condition

;
Select elite bees (Employed )

'
Neighborhood search (Onlooker bee)

Figure 2. The flowchart of the proposed HABC.
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As can be seen, the proposed HABC aims to find a balance between exploration and
exploitation by using both local and global search methods. The local search is performed
by employed and onlooker bees, as well as a migration model, while scouts, onlookers,
and movement towards the global best are used for global search. Figure 3 indicates the

proposed migration model, movement towards the global best, and neighborhood search

of the HABC algorithm. The fitness function is equivalent to the mean square error (MSE),
and a lower MSE corresponds to a better solution.

Scout; (MSE =0.94)

o3jo3|o03|o1]o4])11 Employed,
Scout: (MSE =1.85) Fitness function (MSE) = 0.94
03fosflo2fo1fos]|1s select elite bees 03103703401 )04]11
Scouts (MSE =0.91) (Emploved) Emploved:
020o1lo2lo4los!| oo Fitness function (MSE) = 0.91
Scouts (MSE =1.50) 02)01|o02)j04)05]|09
07Jos|o03|o1)04]|08
Onlooker; (MSE =10.72)
Emploved: . 0.1 0.2. 05|09
Fitness function (MSE) = 0.91 Onlooker; (MSE =0.44)
02fo1]02)o4)05]|09 0.2 0.2 0.9
Onlookern (MSE =10.72) Onlookers (MSE =0.53)
.0_1 0_2.0_5 09 0.5 09
Onlooker; (MSE = 0.44) ‘I Onlookers (MSE = 0.32)
02 090 02 02
Emploved: (MSE) = 0.94 Onlookers (MSE) = 0.62
0303|0301 )o4]11 03/01|03)01)05]09
Emploved: (MSE) = 0.91 Migration Onlookers (MSE) =0.37
02fo1]o02jo4)05]|00 02|03|02)04]04|11

Figure 3. An example of the migration model, movement towards the global best, and neighborhood
search of the proposed HABC.

5. HABC-DCNN Design

In recent years, DCNNs have been extensively applied in various fields as one of
the most potentially effective DL techniques. The layering capability of DCNNSs is a
significant advantage that contributes to their success. Figure 4 reveals that the main
structure of a DCNN is composed of four types of layers: convolution layers, pooling layers,
activation functions, and fully connected neural networks. The role of the convolution
layer is to identify characteristics in the input data by employing a convolution filter. This
involves taking a set of weights and multiplying them with the input data. The outcome
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of this convolution process is then passed through a Rectified Linear Unit (ReLu) as a
non-linear activation function. The purpose of the pooling layer is to gradually decrease the
dimensions of the input data while preserving only the essential information. Following
numerous iterations of convolution and pooling processes, the DCNN culminates in a fully
connected neural network [17].

Bird
Dog
Cat

~

Input Data

$

Convolution

Output Data

)

7

/l’b f‘b (.\ :i\
o

@

Max Pooling

@

Convolution

@

Max Pooling

Flattened

Figure 4. Different layers of a standard DCNN.

The deep architecture used in our experiment consists of four 1D convolutional layers.
The number of filters in each layer increases sequentially (32, 64, 128, and 256) and each
layer uses a kernel size of 5. To reduce the dimensionality of the feature maps, max-pooling
layers with pool sizes of 2 are applied after each convolutional layer. To prevent overfitting,
each convolutional layer is followed by a dropout layer with a rate of 0.25. The output of
the fourth convolutional layer is flattened and passed through two fully connected layers
with 512 and 256 units, respectively. Each of these layers is also followed by a dropout
layer with a rate of 0.5.

This paper’s significant contribution is training the DCNN using the HABC algorithm,
which has been mentioned multiple times. In this approach, we treat the weights and
biases of the DCNN as optimization parameters. The HABC algorithm optimally updates
the vector of weights and biases to meet the problem conditions, replacing the traditional
BP algorithm. Figure 5 illustrates the structure of a bee in the proposed HABC algorithm.
Each bee is a vector that contains the weights and biases of the DCNN. The cost function is
defined by Equation (14).

Mean Square Error (MSE) = !

=

k
Y (0; — Dy)? (14)
i=1

where k = the total number of samples, O; = system output, and D; = desire.
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Bees definition Weights Biases

m-_ W, | W; W, | B By B

Figure 5. An example of bee definition for DCNN training.

6. Simulation Results

This section is divided into three subsections. In the first and second subsections, the
performance of the proposed HABC in real-world engineering problems is evaluated. In the
third subsection, the performance of the proposed HABC-DCNN is evaluated. To evaluate
the performance of HABC, five well-known and state-of-the-art competitive algorithms
called PSO, BBO, ABC, orchard algorithm (OA) [22], and grey wolf optimizer (GWO) [43]
are used. To evaluate the performance of HABC-DCNN, two DL architectures called long
short-term memory (LSTM) and recurrent neural network (RNN), and three ML models
from previous studies are used. All algorithms were coded in MATLAB.

Meta-heuristic algorithms require calibration of various parameters. Thus, it is crucial
to identify the optimal parameter combination prior to evaluating the algorithm’s per-
formance. The paper employs a trial-and-error approach to adjust parameter calibration,
where each parameter is tested with different values while keeping other variables constant.
The fitness function is the primary criterion used to measure and calibrate the algorithm’s
parameters. Although a large number of values were tested for each calibration parameter,
only a limited number of instances were selected and are presented in Table 1.

Table 1. Parameter setting by trial-and-error method.

Algorithm Parameter Value
The global movement rate (y) 0.14
The probability range for migrating into each gene [0, 1]
Maximum emigration (I) and immigration (E) coefficient 1
HABC Number of onlooker bees 80
Number of employed bees 120
Number of scout bees (population size) 150
Iteration 300
N_high 50
N_low 40
N_trans 60
OA o 0.7
B 0.3
Population size 150
Iteration 300
C 0.7
A 0.3
GWO x [0,2]
Population size 150

Iteration 300
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Table 1. Cont.

Algorithm Parameter Value
Number of onlooker bees 80
Number of employed bees 120

ABC Number of scout bees (population size) 150
Iteration 300
The probability range for migrating [0, 1]
Maximum emigration (I) and immigration (E) rates 1

BBO Elitism percent 10%
Mutation rate 0.12
Population size 150
Iteration 300
The inertial movement rate (o) 0.11

The movement toward the best personal experience rate  0.65

PSO The movement toward the best global experience rate 0.93
Population size 150
Iteration 300

Table 1 displays the optimal parameter values for HABC and other algorithms. The
results indicate that a global movement rate of 0.14 yielded the best outcome, as larger
values resulted in reduced convergence. The migration probability range of [0, 1] produced
the most favorable results. Additionally, the ideal numbers of onlooker and employed bees
were determined to be 80 and 120, respectively. The algorithm initially failed to identify an
appropriate solution with a population of 40 scout bees, but increasing the population to
110 bees improved the fitness functions of the algorithm. Ultimately, with a population of
150 bees, the algorithm was able to identify superior solutions.

6.1. Pressure Vessel Design

There are countless real-world engineering problems that engineers are working to solve
every day [47-49]. This section analyzes how well the suggested algorithms perform when it
comes to minimizing the cost of producing a pressure vessel. A schematic view of the problem
can be seen in Figure 6, and its formulation is expressed in Equations (15)—(20) [22].

F(X) = 0.6224x1 x3x4 + 1.7781x2%3 + 3.1661x3 x4 + 19.84x%x3 (15)

X2

X1

Figure 6. Schematic view of the pressure vessel design.



Electronics 2023, 12, 2263

12 of 21

Subjected to

g1(X) = —x1 +0.0193x3 < 0

92(X) = —x2 +0.00954x3 < 0

4
93(X) = —mxdx, — §nx§ +129,600 < 0

g4(X) = X4 — 240 <0

0<x;, x<100, 10 < x3,

xg < 200

(16)

(17)

(18)

(19)

(20)

where xq1 = the shell thickness (T;), x, = the head thickness (T},), x3 = the radius of the
cylindrical shell (R), and x4 = the length of the shell (L).

Table 2 presents the outcomes of the meta-heuristic algorithms applied to the pressure
vessel system. Among them, the HABC achieved the best outcome for the cost function,
with a value of USD 5910/8253. This result was superior to that obtained by other al-
gorithms. Additionally, HABC outperformed the others in the Mean F(x) and SD F(x)
measures. Figure 7 illustrates the convergence trend of algorithms for the pressure vessel
system. HABC exhibited a faster convergence rate than the other algorithms.

Table 2. The outcomes of the algorithms proposed for the pressure vessel system.

Algorithm Best F(x) Mean F(x) SD F(x)

HABC 5910.8253 5922.8652 0.0041590
OA 5948.1589 5975.9625 0.0098562
GWO 6072.3698 6220.1946 0.0856987
ABC 6143.8965 6486.1785 2.1896527
BBO 6128.1289 6759.7563 4.8965232
PSO 6286.3214 7169.7248 8.7452328

10000

3

Best fitness

7000

6000

50 100 150 200
Iteration

Figure 7. The convergence trend of algorithms for the pressure vessel system.
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6.2. Tension Springs Problem

In this section, the effectiveness of the HABC in designing tension springs is evaluated.

The schematic view of this problem is depicted in Figure 8 and can be expressed using
Equations (21)—(26) [22].

f(X) = (x5 +2)32x1 (21)

Figure 8. Schematic view of the tension spring problem.

Subjected to

3

X3X5
X)=1--—3%2 9 22
(%) 71,785x% = (22)

4x2 — x1x7 1
X) = 2 + -1<0 23
82(%) 12,566 (23 — x¥) ' 5108x2 @3)
140.45x,
X)=1- —2% < 24
g3( ) x%xg, = ( )
qu(X) =22 < (25)
15

0.05 < x; <200, 025<x <130, 2<x3<15 (26)

where x1 = wire diameter (d), x, = mean coil diameter (D), and x3 = the number of active
coils (N).

The outcomes of the algorithms applied to the tension spring problem are presented
in Table 3. As demonstrated, HABC obtained the optimal value of the objective func-
tion, which was 0.012653. The convergence curve of the algorithms for this problem is
depicted in Figure 9, where it can be observed that HABC converges more rapidly than
other algorithms.

Table 3. The outcomes of the proposed algorithms for the tension spring problem.

Algorithm Best F(x) Mean F(x) SD F(x)

HABC 1.26653 x 102 1.28845 x 102 0.0000274
OA 1.26678 x 102 1.29508 x 102 0.0001456
GWO 1.27253 x 102 1.38786 x 102 0.0189652
ABC 1.27662 x 102 1.41256 x 102 1.2451960
BBO 1.27723 x 102 1.55412 x 102 29125355

PSO 1.27945 x 102 1.96352 x 102 4.0189632
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Figure 9. The convergence trend of algorithms for the tension spring problem.

6.3. Detecting Backscatter Signals

In this section, we conduct numerous simulations to assess how well the proposed
HABC-DCNN performs in detecting backscattered signals. Our focus is on a BC system
containing a single-antenna RF source and BD, and a multi-antenna reader, as described in
Section 3. We use 50,000 examples as training and 2000 examples as test datasets, produced
by using the data augmentation techniques in [29,44]. Furthermore, the SNR is expressed
in Equation (4), and the relative coefficient (as expressed in Equation (5)) is initialized as
Y = —-20dB.

Figure 10 shows the BER performance versus SNR of the proposed signal detection
scheme in this paper, compared with the other schemes. According to this figure, our
HABC-DCNN method has demonstrated exceptional performance in backscattered sig-
nal detection, surpassing other state-of-the-art techniques. Our simulations show that
HABC-DCNN achieves the best BER performance in the detection of backscattered signals.
Moreover, our analysis indicates that increasing the SNR leads to a significant reduction in
BER. This implies that HABC-DCNN is highly reliable in detecting backscattered signals
even in the presence of noise.

0

10 ' ' ' —+—SVM. Hu etal., 2019
ED. Qianet al., 2017
—%— CMNet. Liu et al., 2019
10_1 I —6— Ours i
107 ¢
10°
10* : :
0 2 4 6 8 10 12 14
SNR (dB)

Figure 10. BER versus SNR for N =20 and ¥Yr = —20 dB [29,32,36].
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According to Figure 11, it can be observed that the BER decreases as the number of
RF source symbols, N, increases. This signifies that our method has a high sensitivity in
detecting backscattered signals, and its performance can be further enhanced by increasing
the number of RF source symbols used in the detection process. The results obtained
from our simulations also confirm the effectiveness of HABC-DCNN compared with
other works.

L SVM, Hu etal , 2019

I ED. Qianet al., 2017
—#%— CMNet, Liu et al., 2019
—©— Ours

10 15 20 25 30 35 40 45

Figure 11. BER versus N for SNR =5 dB and ¥Yg = —20 dB [29,32,36].

In addition, Figure 12 reveals that increasing the ratio of the average channel gains
between the direct link and the backscattered link, ¥z, results in a decrease in BER. This
highlights the ability of HABC-DCNN to effectively distinguish between the direct and
backscattered links, and its sensitivity to changes in the channel gain ratios. This figure
also shows that HABC-DCNN can provide more reliable and accurate backscattered signal
detection compared to the other works, particularly in scenarios where the direct and
backscattered links exhibit significant differences in channel gain.

—+— SVM. Hu etal., 2019
ED, Qianetal., 2017

e —%—CMNet, Liu et al., 2019

—O—0urs

-30 -25 -20 -15 -10 -5
Yz (4B)

Figure 12. BER versus ¥y for N =20 and SNR =5 dB [29,32,36].
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The simulation results in Figure 13 indicate that the BER increases as the distance
between the BD and the reader, dpg, increases. This analysis reveals the limitations of
conventional backscattering methods in long-range sensing applications, as the signal
power decreases with increasing distance, resulting in a degraded BER. However, HABC-
DCNN shows promise in addressing this limitation, as it can effectively learn and capture
the underlying features of the backscattered signal, enabling it to provide more accurate
and reliable detection even at greater distances.

1071 L

—+— SVM, Hu etal, 2019

ED, Qianetal, 2017
—#— CMNet, Liuetal , 2019
—8— Ours

1 Il 1
1 1.5 2 2.5 3
dBR (m)

Figure 13. BER versus dpg for N = 20 and SNRpp = 15 dB [29,32,36].

This section also assesses the performance of the HABC-DCNN and other architectures
for detecting backscatter signals. The evaluation involves conducting sensitivity, accuracy,
and specificity analyses, which are based on the confusion matrix and can be computed
using Equations (27)—(29).

e TP
Sensitivity = TP+ EN (27)
e TN
Specificity = TN+ EP (28)
TP+ TN
A = 2
Y = TP+ FN+ FP+ TN @9

where TP = true positive, FN = false negative, TN = true negative, and FP = false pos-
itive. Table 4 displays the sensitivity, specificity, and accuracy of various evolutionary
architectures designed for detecting backscatter signals. It is evident from the table that
the HABC-DCNN architecture outperforms the others in terms of sensitivity, specificity,
and accuracy in both the training and validation datasets. The HABC-DCNN architecture
attained accuracy values of 98.32% and 99.26% in the test and training datasets, respectively.
In addition, the HABC-DCNN obtained sensitivity values of 98.89% and 99.74% in the test
and train datasets, respectively.

Figures 14 and 15 depict a comparison of architectures in the training and validation
datasets, respectively. Based on the figures, the ranking of the architectures from highest to
lowest is as follows: HABC-DCNN, OA-DCNN, GWO-DCNN, BBO-DCNN, ABC-DCNN,
PSO-DCNN, RNN, standard DCNN, and LSTM. The outcomes show that the suggested
architectures have been effectively trained using meta-heuristic algorithms, as evidenced
by the stability of accuracy across different hybrid DL architectures in both the test and
train datasets.
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Table 4. The results of architectures in the test and train datasets.

Train Test

DL Models
Sensitivity Specificity Accuracy  Sensitivity Specificity Accuracy

HABC-DCNN 99.74% 96.48% 99.26% 98.89% 95.24% 98.32%

OA-DCNN 98.85% 95.91% 98.79% 98.32% 94.92% 98.16%
GWO-DCNN 98.34% 95.21% 98.27% 98.03% 94.36% 97.34%
ABC-DCNN 97.76% 94.82% 97.67% 96.74% 93.88% 96.61%
BBO-DCNN 97.82% 94.72% 97.73% 96.84% 93.76% 96.72%
PSO-DCNN 97.42% 94.31% 97.23% 96.51% 93.21% 95.96%
RNN 96.14% 93.29% 96.52% 95.27% 92.35% 94.86%
Standard DCNN  95.91% 92.88% 96.43% 95.39% 92.09% 94.51%
LSTM 95.18% 92.43% 96.19% 94.95% 92.28% 94.29%
100 Training datasets

99

98

97
= 96

95

94

93 I

92 L

Sensitivity Specificity Accuracy
BHABC-DCNN HOA-DCNN GWO-DCNN ABC-DCNN2  EBBO-DCNN
PSO-DCNN2  EENN Standard DCNN BWLSTM

Figure 14. Comparison of DL models in training datasets.

100
Validation datasets
98
2 9%
) I I II I
a2 I H =
Sensitivity Specificity Accuracy
EHABC-DCNN  HOA-DCNN GWO-DCNN ABC-DCNN2 WEBO-DCNN
PSO-DCNN2 HRNN Standard DCNN HELSTM

Figure 15. Comparison of DL models in validation datasets.

According to Figure 16, the ROC curves of various architectures are depicted, repre-
senting a useful tool for evaluating model performance and comparing different classifiers.
The area under the curve (AUC) of HABC-DCNN outperforms other architectures, which
is clearly visible in the graph.
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0 02 04 0.6 08 1
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Figure 16. Comparison of the ROC curves of DL architectures.

Mean square error (MSE) criteria are also used to compare the proposed models in
Table 5. The HABC-DCNN architecture has a lower MSE than the other architectures,
indicating that the proposed approach is effective for use in this problem. In the proposed
HABC, the migration operator of the BBO is used to improve the exploitation of the algo-
rithm. Moving towards the global best of PSO is also proposed to improve the exploration
of the ABC. As a result, the algorithm is aided in steering clear of getting stuck in local
minimal. Figure 17 illustrates that the HABC-DCNN architecture converges faster than the
other architectures. At epoch = 100, the HABC-DCNN architecture has achieved nearly
the lowest MSE, while other architectures have higher MSE. However, the HABC-DCNN
architecture exhibits high stability and rapid convergence as the epochs proceed.

Table 5. The MSE values of the different architectures.

Algorithm MSE
Training Datasets Validation Datasets

HABC-DCNN 0.00008 0.00096
OA-DCNN 0.00086 0.00896
GWO-DCNN 0.02186 0.19652
ABC-DCNN 0.12452 0.47562
BBO-DCNN 0.10592 0.35896
PSO-DCNN 0.21745 0.59856
RNN 0.42691 0.69853
Standard DCNN 0.55239 0.75263

LSTM 0.59852 0.88745
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LSTM
= Standard DCNN
RNN
PSO-DCNN
BBO-DCNN
ABC-DCNN
GWO-DCNN
OA-DCNN
m= = = HABC-DCNN

MSE

N

50 100 150 200 250 300
Epoch

Figure 17. The convergence trend of DL architectures.

7. Conclusions

This paper has presented a new evolutionary deep learning method to enhance the
detection performance of BC systems. The proposed approach trains the DCNN as a
signal detector using a hybrid optimization algorithm based on ABC, BBO, and PSO to
optimize the DCNN architecture. The research leverages the benefits of the proposed deep
architecture to improve the BER performance of the BC system. The simulation results
indicate that the proposed HABC-DCNN achieves superior performance in training the
benchmark datasets and significantly enhances the detection performance of backscattered
signals compared to previous works.

Overall, optimizing DL models using meta-heuristic algorithms remains a difficult
task, requiring further investigation. HABC, like many other meta-heuristics, employs
a range of operators that designers must accurately model to effectively apply to real
problems. Additionally, the computational time required for HABC in real-world scenarios
poses a significant challenge, including the computation of fitness functions for all possible
solutions and the selection of the optimal solution.

There are several possible research directions for future studies. Fine-tuning selective
parameters and thresholds in the equations of HABC is an area that requires further work.
Additionally, applying HABC to various fields, such as image processing, smart homes,
data mining, big data, and industry, could be a valuable contribution. Since acquiring
labeled data is often expensive, the next generation of DL models will be more focused on
semi-supervised and unsupervised learning. In this context, clustering algorithms could be
employed to improve the performance of DLs.
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