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Data fusion plays a crucial part in performance evaluation processes in multisensor systems; thus, it is important to use an
effective technique to cut down on errors. By improving the sensors’ location and their capacity to adjust to the deployment
geometry, the paper’s technique for reducing data fusion errors is proposed. The preprocessing stage of data is also included in
the suggested technique, which starts with the design of the data-collecting device and ends with a hybrid model algorithm.
Particle swarm optimization and artificial neural network methods are combined in the hybrid algorithm. Preprocessing is
based on the compensation and adjustment factors to ensure data gathering synergy. A true experimental apparatus was
designed under three different deployment geometries, comprising five ultrasonic sensors constituting a multisensor system
and a hardwood target (Triplochiton scleroxylon and Milicia excelsa). The results obtained show that the suggested deployment
geometry has mean absolute percentage errors of 3.97, mean square errors of 0.182, and mean absolute errors of 0.045 which
are lower than those associated with the deployment configurations found in the literature. The results of the proposed method
show an overall detection accuracy in linear deployment geometry of 97.308%. Then, the circular deployment geometry
obtained a detection accuracy of 97.005%. Finally, elliptical deployment geometry obtained a detection accuracy of 98.745%.
These results show that the proposed method better predicts the range of a target with a lower error rate than conventional
methods.

1. Introduction

The process of obstacle detection is challenging, compli-
cated, and crucial since it requires taking into account a vari-
ety of targets, sensor properties, and ambient factors. Due to
detecting constraints in terms of range, signal characteristics,

and sensing circumstances, a single sensor can scarcely meet
the demands of obstacle detection. As a result, researchers
and engineers have developed a methodology for multisensor
fusion and system integration [1]. When many sensors with
the same or distinct technological qualities are combined to
manage data, it is known as sensor data fusion [2]. One
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essential element of system applications that employ linked
data from several sources to ascertain a system’s status is data
fusion.

Data fusion should continue to be accurate and depend-
able when the system’s condition is being monitored and the
resources that are available change. It should also be able to
adapt to the environment’s changing dynamics and the
available resources [3]. While determining a system’s state,
the data fusion must ensure fewer mistakes. Researchers
are therefore interested in improving data fusion methods
in multisensor systems. As a result, three methods (central-
ized, distributed, and hybrid) and algorithms for multisensor
data fusion have been suggested [4]. The linear unbiased best
estimate, weighted least squares, and their expanded forms
are provided as optimum fusion rules and are implemented
in a uniform architecture.

Using either identical sensors across the board or sensors
of various types, centralized data fusion is a method that is
employed [5]. The fusion method merges the unprocessed
data from all sensors into a single processor. The data from
all sensors must be time-synchronized for this operation.
The amount of data gathered by the sensors is a factor in
the choice made by this kind of fusion. Algorithms like the
Kalman filter are coupled with the centralized data fusion
method [6] and those that utilize probabilistic assumptions,
like multi-Bernoulli [7]. The primary drawback of central-
ized data fusion is that it necessitates transferring all
acquired data to a single processor, which is not practical
for many applications.

Any sort of sensor, whether they are of the same type or
distinct types, may be used in both centrally managed and
decentralized data fusion systems. A Kalman filter can be
used in conjunction with distributed data fusion [8] or tech-
niques based on probabilities, such as the probabilistic data
association filter [9]. The implementation of distributed data
fusion uses a number of technologies, including GPS and
SAR [10]. The central processor is freed from preprocessing
the raw data from the various sensors in this design, increas-
ing the percentage of uncertainty on the retrieved character-
istics in the event of sensor failure.

The method for hybrid data fusion combines prepro-
cessed and centralized fusion strategies. In actuality, several
scholars believe that this architecture configuration is the
finest [11]. This architecture is increasingly used in IoT
[12], in mechanics for the indirect measurement of milling
tool wear [13], combined with algorithms such as convolu-
tional neural networks [14], Kalman filters [15], and proba-
bilistic approaches [16]. The Kalman and Bayesian methods
employed in hybrid data fusion are based on the Gaussian
noise model; however, the noise may not always match this
model. Also, the uncertainty produced while utilizing a neu-
ral network alone is not insignificant. Choosing the right
number of hidden layers is usually a complex task. If this
number is too small, it can lead to a poor estimate of the data
generation process, while if it is too large, it can cause the
problem of overadjustment and poor generalization of data
[17]. This problem is accentuated if the data collected is of
poor quality due to a lack of acquisition synergy in a multi-
sensor system.

Problems with multisensor data fusion, such as data asso-
ciation and management, sensor uncertainty, data traffic,
noise filtering, prediction making, and modeling dynamic
systems, have drawn a lot of interest from the scientific com-
munity [18]. The uncertainties inherent in sensory informa-
tion are not only caused by device inaccuracy but also by
noise sources within the system and sensors [19]. As a result,
increased focus is being made on using distributed multisen-
sor data sources for a variety of applications, such as distrib-
uted system design and the use of scenario-based design
techniques [20], monitoring, classifying, fusing information,
and assessing the situation [21]. So, the key problem is to
construct multisensor systems with an effective and straight-
forward method for minimizing mistakes.

The work motivation is based on the challenge of offer-
ing a technical solution to the designers of multisensor sys-
tems in order to increase performance. It is important that
this solution be effective in reducing errors that arise from
deployment geometries, data acquisition, and data fusion
of multisensor systems. We will use the technique of artifi-
cial neural networks to solve the problem of optimal choice
of learning rate and number of hidden layers by training this
neural network with the PSO in order to offer a reliable and
effective solution.

This research offers a more effective technique for fusing
data from a sensor network, starting with the deployment
geometry design, which depends on the false alarm probability
and aperture angle, and finishing with an algorithm for
preparing the data. When a target’s range is estimated by a
multisensor network, the PSOmethod and the neural network
with a backpropagation algorithm are used to forecast and
decrease error. These are the paper’s primary contributions:

(i) the use of false alarm probability and aperture angle
to design the elliptical deployment geometry to facil-
itate multisensor data fusion

(ii) the proposal of a multisensor data preprocessing
algorithm based on the compensation coefficient in
order to reduce the false alarm detection rate and
to have a better data fusion synergy

Apart from the introduction, Section 2 gives a quick run-
down of applications for hybrid data fusion and ultrasonic
sensors. Section 3 presents a brief description of artificial neu-
ral network (ANN) and particle swarm optimization (PSO).
The method is described in Section 4, with an emphasis on
the algorithm of preprocessing, the ANN parameters that the
PSO would optimize, and the experimental setup used to test
the proposed method. In terms of the design and performance
of the proposed method, the results and discussion are done in
Section 5. This includes calculating the mean average percent-
age error (MAPE), mean square error (MSE), and mean aver-
age error (MAE). The findings and future work are presented
in Section 6.

2. Related Work

2.1. Hybrid Data Fusion. Some classic data fusion techniques
have flaws, which hybrid data fusion attempts to improve.
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The classical approach used is to combine traditional data
fusion methods with other efficient methods such as evolu-
tionary algorithms (genetic algorithm and neural network)
and metaheuristics (particle swarm optimization and ant
colony optimization). Hybrid data fusion technology is an
important data processing method that has a wide range of
applications, such as target detection [22], medical diagnosis
[23], remote sensing mapping [24], and object recognition
[25]. Traditional data fusion methods that are used to build
hybrid data fusion methods are mainly divided into three
groups: (1) methods based on probability, (2) Dempster-
Shafer theory, and (3) knowledge methods [26]. Methods
based on probability for data fusion are focused on the
dependence between random variables by introducing the
probability distribution and probability density function.
These methods include Bayesian inference [16], the Kalman
filter model [15], and the Markov model [27].

A robust incremental Kalman filtering algorithm has
been proposed and introduced in the incremental formula
to remove unknown measurement errors from the data
acquisition system [28]. The transition probability and noise
matrix of the system are adjusted using an adaptive
multimodel-extended Kalman filter estimation approach
based on velocity and flow to decrease estimation error
[29]. A weighted fusion method for real-time outlier separa-
tion and correction is developed to solve the problem of the
decreasing accuracy of data processing [30]. A weighted
hierarchical multisensor fusion algorithm for maneuver tar-
get tracking obtains its model by hierarchical weighting and
estimates the state using an extended Kalman filter [31].

The fusion data method, based on Dempster-Shafer (D-
S) theory, expresses data uncertainty by introducing confi-
dence and rationality in dynamic situations. A weighted
combination method for conflicting evidence in multisensor
data fusion by considering both the interaction between the
impacts and the evidence themselves (sensors) was devel-
oped in [32]. Target recognition with a sensor network is
also possible with a multilocation parallel fusion method
based on D-S evidence theory [33]. A multisensor informa-
tion fusion failure diagnosis method based on the sample
entropy for empirical mode decomposition and improved
D-S evidence theory was proposed [34]. Dempster-Shafer
and adaptive neuro-fuzzy inference are used for hybrid
fusion of information data with restricted content [35].

The knowledge-based fusion method mainly uses sup-
port vector machine (SVM) and clustering to find the
knowledge contained in the data and to measure the correla-
tion and similarity of the knowledge. A hybrid multisensor
data fusion algorithm based on fuzzy clustering is proposed
as a strategy to determine the initial clustering center [36].

Deep learning is a popular algorithm in general engi-
neering, and a review of the state of the art is done to under-
stand deep learning and draw the benefits to optimize data
fusion [37]. To improve wireless sensor network data fusion,
a data fusion algorithm based on a gray wolf algorithm and a
backpropagation neural network was proposed [38]. The
bidirectional multiresidual recurrent neural network, inte-
grating past and future information at each time with an
omniscient attention model, is proposed in [39]. In order

to identify the best weights, a new data fusion technique
that employs a global Kalman filter and a measurement
variance prediction long-term memory network is provided
[40]. An intelligent data fusion system for damage detection
was suggested using a probabilistic neural network, data
fusion technology, and correlation fractal dimension [41].
Waveform-based fault diagnosis is an increasingly used
technique [42], and a convolutional neural network is used
to increase the detectability of faults [43]. Intelligent diag-
nosis approaches based on neural networks tackle the data
count problem, which improves the performance of neural
network techniques. Some make use of neural networks
and adversarial learning methods [44]. Some employ an
approach known as the threshold criteria to assess when
an unknown source error occurs during real-world diag-
nostics [45]. Deep learning based on stacked sparse autoen-
coders and multisensor fusion is used to predict milling
tool wear prediction [46]. For the works that have used
artificial neural networks, very few have focused on the
optimization of parameters such as the learning rate and
the number of hidden layers of the artificial neural network,
which are nevertheless very decisive for its performance.

2.2. Hybridization of Neural Networks with PSO. Neural net-
works (RNs) have progressed as valuable machine learning
techniques that are extensively employed in a variety of
studies. At the moment, RN is a sophisticated method for
extracting information from enormous datasets in a self-
organized manner [47]. Deep neural networks (DNNs), for
example, contain various architectures and parameters that
are usually tailored to specific applications. Furthermore,
defining the most exact and practical structure of a deep
learning approach within an acceptable time frame may
prove problematic [48]. The classic backpropagation (BP)
technique has been superseded by particle swarm optimiza-
tion (PSO) as a potential choice for ANN training. The PSO
offers benefits owing to its extensive research capability, fast
convergence, and ability to provide the best overall solution
[17]. Metaheuristic techniques have been widely investigated
in the development of feedforward neural network (FFNN)
to control the shortcomings of gradient-based and backpro-
pagation algorithms with peculiarities [49]. Even though the
PSO provides a solution for selecting the design parameters
of many types of neural networks, this performance can only
be achieved with a large quantity of data. However, inaccu-
rate data gathering by a multisensor system might lead to
poor neural network parameter creation. The hybridization
of PSO and FFNN shows the need to use a preprocessing
algorithm, which would boost hybridization efficiency and
create data collection synergy.

2.3. Ultrasonic Sensors. The improvement can be done in
different ways, including data collection and transmission,
sensor fusion, data analysis, security, and privacy [50]. With
the evolution of electronic devices, nowadays, there is a
panoply of sensors allowing us to conduct measurements
aiming to better understand phenomena [51]. In the auto-
motive field, several works have been carried out to detect
and avoid obstacles by increasing the efficiency of driving
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by implementing various control strategies [52]. The instru-
ment used for distance measurement in obstacle avoidance
is ultrasonic sensor(s) combined with algorithms such as
deep learning [53]. A multisensor ultrasound system is used
to assess the road traffic of pedestrians, cyclists, and slow-
moving vehicles to improve driver assistance systems [54].
The ultrasonic sensors are mainly used in automatic parking
assistance systems for vehicles in the parking lot [55]. The
performance of ultrasonic sensors in detecting different
obstacles is improved by using fuzzy logic [56]. In auto-
mated guided vehicles, a multisensor ultrasonic system com-
bined with Kalman filtering is used to improve navigation
performance [57]. Dynamic tracking of surrounding objects
in traffic environments using Kalman filtering algorithms
can be improved with a cost-effective ultrasonic sensor net-
work [58]. The evaluation of the efficiency of ultrasonic sen-
sors against certain failures and their mathematical models
is a subject of concern to researchers [59, 60]. To reduce
errors in the distance measurement performed by the ultra-
sonic multisensor system by using Newton’s polynomial [25,
61], artificial neural network [62], and fuzzy logic [63],
distance measurement in an indoor environment is con-
fronted with several error-increasing phenomena. In order
to reduce errors, a multisensor system is combined with a
Kalman filter [64, 65].

In civil engineering, ultrasonic sensors can be used to
optimize the maintenance service in buildings [66], for the
design of intelligent lawn mowers [67]. The 2-D mapping
of a building uses ultrasound sensors to reduce the problem
of specular reflections [68]. In the field of medicine, ultra-
sound sensors are used to detect falls in the elderly using
a support vector machine and long-term memory as a classi-
fier [69, 70]. Many ultrasound sensor devices are designed to
help the blind move around, and some use collision avoid-
ance methods for navigation aids [71]. Other researchers
are developing digital solutions to enable blind people to
travel [72].

A smart cane-based state-feedback control technique has
been presented for a multisensor obstacle detection system
to manage the sensors’ detecting angles and reduce false
warnings to the blind [73]. Researchers are working to create
a prototype ultrasonic sensor-based smart cap as an elec-
tronic travel assistance for blind individuals [74]. The arrival
of the coronavirus prompted engineers to design a distanc-
ing device using social engineering through an awareness
network to slow the spread of the virus [75].

In addition to their traditional applications, ultrasonic
sensors may be used to investigate the aquatic environment
[76]. Ultrasonic sensors are also used in municipal solid
waste collection to measure the level of waste in order to
optimize collection rounds [77]. Ultrasonic sensors are
increasingly used in agriculture to study plant growth for
characterization [78]. The ultrasound sensor is also used as
a radar [79]. Ultrasonic sensors are used to evaluate the load
measurement efficiency of high furnaces [80]. This is also
the case for mapping indoor environments in virtual reality
without light [81]. Other uses of ultrasonic sensors include
localization and navigation in indoor environments using a
circular network [82]. The fusion technology of wide-angle

ultrasonic sensor and inclination sensor is applied nowadays
to the attitude monitoring of advanced hydraulic support
[83]. In order to decrease measurement error as much as
feasible given the growing usage of ultrasonic sensors in all
real-world and everyday applications, it is critical to look
beyond the so-called traditional research fields and suggest
new ones.

3. Brief Description of Artificial Neural
Networks and Particle Swarm Optimization

3.1. Artificial Neural Networks. Effectively adjusting to the
signal randomness, neural network-based approaches pro-
duced fewer prediction mistakes [84]. Among the different
artificial neural networks (ANNs), there is the feedforward
artificial neural network (FANN) with p input nodes, h hid-
den nodes, and a single output node:

yt =G α0 + 〠
h

j=1
αj F β0j + 〠

p

i=1
βijyt−i , 1

where αj and βij i = 1, 2,⋯, p ; j = 1, 2,⋯, h are the connec-
tion weights, α0 and β0j are the bias terms, and F and G are
the network activation functions. There are also several
input and output networks, as shown in Figure 1. The selec-
tion of the appropriate network structure is crucial to the
success of the ANN model, despite its simplicity and
immense popularity in several fields such as wind energy
forecasting [85] and the optimal placement of photovoltaic
systems [86].

The selection of an appropriate number of hidden nodes
is in general a complicated task [87]. To solve the problem of
the number of hidden layers, one uses the Bayesian informa-
tion criterion (BIC) to determine the appropriate network
architecture.

BIC =Np,h 1 + ln n + n ln S W
n

, 2

where Np,h = h p + 2 + 1 is the total number of network
parameters; n =N train − p is the number of actual observa-
tions, where N train is the size of the training set; S W is
the misfit function representing the sum of the squared
errors (SSE) between the actual and predicted observations;
and W is the space of all connections of all weights and
biases. The best network structure is determined by mini-
mizing the BIC value.

The optimal weights and biases are determined iteratively
with the objective of minimizing the function SSE. The back-
propagation (BP) algorithm successively updates the weights
and biases of the network to minimize the SSE [88].

E W = 1
2 〠

N train

t=p+1
yt − ŷt

2, 3

where yt and ŷt are the actual and target values, respectively.
The BP algorithm starts with an initial vector W0 of weights
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and biases and then updates it iteratively at each i-step by the
gradient descent rule.

ΔWi = −η∇E W W=Wi
+ αΔWi−1

Wi =Wi + ΔWi−1
, 4

where α and η are the learning rate and the momentum fac-
tor, respectively. The learning stops when a predefined value
of the minimum error is reached.

Despite its simplicity and immense popularity, the BP
algorithm has a number of limitations, including a long
computation time, a slow convergence rate, a complex error
surface model, and bogging down in local minima [88].

3.2. Particle Swarm Optimization. The particle swarm opti-
mization (PSO) method uses social interaction among inde-
pendent particles to determine the least and maximum value
of a function. The PSO algorithm has two parameters, loca-
tion and velocity, which are updated for each particle and in
all dimensions considered. PSO demonstrates its distinctive
qualities, including ease of implementation, consistency in
performance, and the capacity to quickly converge on many
complicated optimization problems [89]. In this approach,
the entire population is considered a single neighborhood
for that particle during the experiment acquisition process.
In this algorithm, the velocity of the ith particle, vk+1i is
updated.

vk+1i = θvki + c1β1 pφi − xki + c2β2 gφi − xki , 5

where β1 and β2 are two random numbers between zero and
one; xk and vk are the position and velocity of the ith particle
in the kth iteration, respectively; gφi is the best position
experienced by the set of particles; and pφi represents the
best personal experience of the particle. θ is called the inertia
constant. c1 and c2 are constants called the personal learning
factor and social learning factor, respectively. The update of
the particle’s position is done according to equation (6),
which follows:

xk+1i = xki + vki , 6

where xk+1i is the new position of the particle, xki is the pre-
vious position of the particle, and vki is the new velocity
obtained from equation (5).

To control the dynamic characteristics of the particle
swarms and the balance between the local and global search,
a factor limiting is applied.

θ = 2β
ϕ − 2 + ϕ2 + 4ϕ

, 7

where ϕ = ϕ1 + ϕ1 > 4.

c1 = ϕ1θ,
c2 = ϕ2θ,

, 8

where ϕ1 and ϕ1 are positive random numbers from a uni-
fied distribution, where ϕ is their sum, must be greater than
4, and β is a value between zero and one. Moreover, θ is
known as the restriction factor. Each particle evaluates its
own fitness function (usually of type SSE).

4. Method

4.1. Proposed Approach of Multisensor Data Fusion. This
work is aimed at reducing the method of implementation
of the multisensor system and the environment, which
affects the signal strength received by the sensors. The pro-
posed approach consists of four steps:

Step 1. Design of the data acquisition system.
The elliptical deployment shape is designed in this part

to enhance the quality of the data gathered because the
deployment geometry is a key idea in data fusion for multi-
sensor systems. A significant factor in the quality of the data
is the distance between the sensors. When applied to targets
with complicated geometries, linear and circular geometry
are frequently ineffective. A 2-D parametric equation (9)
describes the proposed geometric configuration.

x = x0 + a cos t , 9

y = y0 + b sin t , 10

where x0 and y0 are the coordinates of the center of the
ellipse; a and b are parameters for the length on the x-axis
and y-axis, respectively; and t is the aperture of the ellipse.
The proposed approach consists of determining a and b
while respecting the principles of spotlight formation in syn-
thetic aperture radar systems, as shown in Figure 2.

Let us consider a multisensor system formed of N sen-
sors aligned, as illustrated in Figure 3, where Ω is the aper-
ture angle. The deployment geometry is symmetric with an
odd number of sensors. By considering the triangles OEB
and OAB , we can express cos Ω/2 according to the equa-
tions (11) and (12), cos Ω/2 =OB/OE and cos Ω/2 =O
A/OB, respectively.

By multiplying the two values, we obtain

cos2 Ω

2 = OA
OE

, 11

I1 O1

I2 O2

O3

OS

I3

IP

Figure 1: Feedforward neural network.
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where OA =OE × cos2 Ω/2 , OE = ξ ×D, with ξ, which is
the proportion of the main lobe power corresponding to
the beam width from one null to another in the wave prop-
agation plane. The choice of the value of ξ is made according
to the probability of false alarm. Let us consider the triangle
OAB , we have dx =OA tan Ω/2 with AB = dx. The regu-
lar spacing between the sensors is calculated using the fol-
lowing equation:

dx = ξD cos Ω

2 sin Ω

2 12

The aperture length, or so-called deployment length,
which is a function of N and the sensor spacing dx, is where
the parameter a is obtained from.

a = dx N − 1
2 13

The parameter value b is a compromise between the tilt
angle and the deployment length a.

b = dx N − 1 tan ω

2 14

Replacing dx by its expression, we obtain the following
equation:

b = ξD cos Ω/2 sin Ω/2 N − 1 tan ω

2 15

Step 2. Data preprocessing and storage.
The use of an adjustment factor is suggested to help in

the distance estimates between the sensor and the target
when the signal-to-noise ratio fluctuates for the same dis-
tance. This factor δ is the ratio between the actual distance
da and the average measured distance dm after a measure-
ment time to have a good calibration in the deployment
environment of the sensor.

δ = da
dm

16

The estimated distance ds for each sensor can be
expressed according to the following equation:

ds = δdi, 17

where di is the instantaneous distance measured at a time t.
Hence, the average distance expressed by the system of N
sensors is

Dsm
= 1
N

〠
N−1

n=0
δndsn 18

Data fusion may be challenging for multisensor systems
since the final data quality would suffer if one sensor trans-
mits an erroneous measurement result. It is suggested that
the deployment system be symmetric and that the sensor
at the center of symmetry be used as the reference sensor
in order to improve the data acquisition process. The sym-
metry configuration will maintain that the main lobe is
always perpendicular to the target. To keep the consistency
and synergy of the measurements between the sensors, the
compensation factor k is used. The compensation factor k
is the ratio between the distance dsn estimated by a sensor
and the distance ds0 estimated by the reference sensor:

kn =
dsn
ds0

, 19

where n = 0,⋯,N − 1. For the system to validate the value
of ds given by a sensor, the value of the compensation fac-
tor (kn) linking the sensor to the reference sensor must be
respected. The value of the compensation factor is used to
reduce the occurrence of false measurement values.

Step 3. Search for optimal parameters of the backpropa-
gation neural network using PSO.

The role of the PSO is to optimize the number of hidden
layers and the learning rate between layers of the neural net-
work. The approach used to optimize the number of hidden
layers and the learning rate is described as follows: the neural
network structure has structures p × h × 1 and Nswarm, and
the swarm size and each particle represent an individual

y

x

a

b

RN

R2

R
n–1

R1

R0 dx
dx (N–1)

𝜔

Figure 2: Elliptical sensor deployment.
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dx

E
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#5#N #4 #3 #2 #1…

𝛺 𝛺 𝛺

𝛺

Figure 3: Geometry of calculation of spacing.
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ANN of dimension Γ = h p + 2 + 1, which is the total num-
ber of network parameters.

Equations (5) and (6) permit the PSO algorithm to
update the particle’s velocity as follows:

vk+1id = θvkid + c1β1 pφid − xkid + c2β2 gφid − xkid ,

xk+1id = xkid + vkid ,
20

where i = 1, 2,⋯,Nswarm; d = 1, 2,⋯,D; vk+1id ; and xk+1id are,
respectively, the velocity and position of the ith particle in
the dth dimension and pφid and gφid are, respectively, the
best personal and global positions obtained so far in the
dth dimension. The position of each particle is calculated
by a particular fitness function SSE. The PSO algorithm
keeps updating locations and velocities up until the stopping
requirement, such as the maximum number of iterations, is
met. When the number of input layers is known when
employing the backpropagation algorithm, when the halting
condition is reached, we have an SSE corresponding to one
dimension, which lets us know the number of hidden layers
and the learning rate.

Step 4. Training and using the backpropagation neural
network with optimal parameters.

The PSO scans the search space to get the ideal hidden
layer and learning rate settings that minimize the neural net-
work’s prediction error. At each value of the parameters
obtained by the PSO, the neural network is trained up to
the PSO stopping criterion. The PSO will scan the whole
search space and choose the neural network with the best
SSE value in terms of minimization to create the network
with the ideal parameter values. Then, the trained, optimized
neural network is used to estimate the range of the target.
Figure 4 displays the flowchart that summarizes the pro-
cesses in Step 2 and Step 3.

4.2. Experimental Setup. The simplified schematic in
Figure 5 depicts the experimental acquisition data set-up.
The experimental device consists of four parts, including a
target, five identical ultrasonic sensors, an acquisition board,
and a computer. The target is fashioned of Milicia excelsa
and Triplochiton scleroxylon, two common tropical woods
in Cameroon, and measures 1.6 meters in height and 0.55
meters in breadth. The front face is made of Triplochiton
scleroxylon (ayous), and the front sides are made of Milicia
excelsa (iroko). The ultrasonic sensors (HC-SR04) have an
accuracy of 3mm over a range of 5m with an opening angle
of 15°. The data acquisition board is an Arduino UNO-type
board, and its role is to extract the distance feature from the
signal coming from the sensors. The PC has a Core i5, 4GB
of RAM, and MATLAB 2020 software is employed. The
multisensor system’s calculated distance average is stored
by the system in a database. This data will be used as input
for the method. The data collection serving as input for
our method is done in 50 minutes, producing 3000 points
of data on a total measurement distance of 5m.

5. Results and Discussions

The raw data of this study are the mean values of several
tests (three for each step), where the standard deviation
between the different tests for all tested steps is between
0.724 and 1.327. The flowchart in Figure 6 describes the pro-
posed algorithm to improve the performance. The data used
for training and validation are from our previous work [90].
The percentage of 80% of the data used is considered train-
ing data, 10% is used for validation, and 10% is considered
test data for the neural network. The number of neurons
in the output layer is 50, and due to the crucial role of the
number of neurons in the hidden layer, its number is consid-
ered according to Levenberg-Marquardt. In the case of the
ultrasonic sensor (HC-SR04) and in our test environment,
this adjustment coefficient is δ = 0 980. The spacing dx
between the different sensors with the opening angle of the
reference sensor equal to 15° and η = 0 082 is 5 cm. It is
therefore important to determine the spacing between the
different sensors since bad spacing can increase losses due
to the modulation of the main lobe. Table 1 shows the values
of each parameter used to design each deployment geome-
try: aR and aI are each the elliptical parameters for regular
and irregular spacing, respectively, and RR and RI are each
the radius of the circle for regular and irregular spacing,
respectively.

The proposed method is to determine the optimal value
of the number of hidden layers and the learning rate using
the PSO so that the ANN is more efficient in data fusion.
The stopping criterion of the PSO is the number of itera-
tions, and its parameters are summarized in Table 2.

Tables 3 and 4 show the influence of the number of par-
ticles in the PSO algorithm on the optimal determination of
the number of hidden layers and the learning rate of the
neural network. In Tables 3 and 4, we make a comparative
study. The parameters of this study are the correlation coef-
ficient given by the neural network, the optimal value of the
learning rate, the number of hidden layers, the type of spac-
ing between the sensors, and the population size of the par-
ticle swarm. The analysis of Tables 3 and 4 shows us that the
number of PSO particles is a crucial parameter for the train-
ing of the neural network by the PSO [51].

The value of the learning rate is also a function of the
input data and, therefore, of the deployment geometry of
the data acquisition device, as shown in Tables 3 and 4.
The value of the learning rate α is constant in Table 3 at
Nswarm = 20 in regular spacing, while in Table 3, in irregular
spacing, α is constant at Nswarm equal to 14 and 20. The value
of the number of hidden layers decreases when the value of
the number of PSO particles increases, which corresponds to
the analysis in [51]. In Table 3, the elliptical geometry has
better correlation coefficients than the geometries linear
and circular used in this work. At Nswarm = 20, in regular
spacing (Table 3), the linear geometry has 0.054%, and the
elliptical geometry has 0.058% better correlation coefficients
than [56, 75]. In irregular spacing (Table 4), the linear geom-
etry is 0.059%, and the circular geometry is 0.1% better than
[51, 75] for the correlation coefficient parameter. In the fol-
lowing, all the results presented are for Nswarm = 20.
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Figure 6: Flowchart of the data fusion process.

Table 1: Parameter design of the geometry deployment.

Geometry deployment Regular spacing Irregular spacing Design parameters Rayon of circle N

Linear 5 cm 7 cm and 13 cm / / 5

Circular 5 cm 7 cm and 13 cm / RR = 10 cm; RI = 13 cm 5

Elliptical 5 cm 7 cm and 13 cm aR = 10; aI = 13 cm; b = 5 679 cm / 5

Table 2: PSO parameters.

Number of iterations 1500

Acceleration factors c1 = 1 332 and c2 = 2 339
Sum of random numbers from a unified distribution (ϕ) 4.8

Restriction factor (θ) 0.7529

Table 3: Variation of neural network parameters when sensors are in regular spacing.

Nswarm 10 15 20
Deployment geometries h α R h α R h α R

Linear 70 0.481 0.945 20 0.377 0.997 15 0.307 0.999

Circular 70 0.181 0.992 20 0.407 0.993 15 0.307 0.996

Elliptical 70 0.369 0.997 20 0.377 0.998 15 0.307 0.999

Table 4: Variation of neural network parameters when sensors are in irregular spacing.

Nswarm 10 15 20
Deployment geometries h α R h α R h α R

Linear 70 0.125 0.977 20 0.377 0.998 15 0.307 0.999

Circular 70 0.328 0.997 20 0.377 0.999 15 0.307 1

Elliptical 70 0.394 0.999 20 0.377 0.999 15 0.307 0.997
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It is worth noting that the number of iterations and par-
ticles has a significant impact on the execution time of the
proposed hybrid algorithm. In this situation, the greater
the number of particles, the longer the execution time;
hence, it is critical during hybridization to strike a balance
between the number of iterations, particles, and execution
time for real-time applications.

Figure 7 shows the target-device range data with regular
spacing between the sensors under three deployment geom-
etries on actual values. The data predicted by the proposed
fusion method (ANN-PSO) are in blue and the noisy data
are in red. A comparison of the results between those pre-
dicted by the proposed fusion method and those estimated
by the data acquisition device is made. A significant
improvement in the performance of the multisensor system
could be achieved with the algorithm by applying the pro-
posed data fusion method. The analysis in Figure 7 shows

that in both linear and elliptical geometry, along the maxi-
mum test range, the measurements follow a quasilinear
form. This evolution shows that the signal-to-noise ratio is
almost linear. This contact remains true in circular geometry
in the interval [0; 400] cm, which is not the case in the inter-
val [410; 500] cm. The measurements obtained on the max-
imum test range have a maximum error value of 47 cm,
representing an increase of more than 7% in circular geom-
etry, 11.11 cm or 2.222% in linear deployment geometry, and
4.34 cm or 0.868% in elliptical deployment geometry. Note
that the elliptical geometry has better range estimation accu-
racy than the circular and linear geometry when the spacing
between sensors is regular.

Table 5 shows a comparison of an extract of the values
between the range values estimated by the proposed data
fusion method and by the device (raw) when the sensors
are in regular spacing and those taken from the literature.
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Figure 7: Estimation of the target-device range under three deployment geometries with regular sensor spacing.

Table 5: Comparison of errors as a function of regular spacing deployment geometries.

Real range (cm)
[79]

Proposed method
Linear deployment geometry Circular deployment geometry Elliptical deployment geometry

Estimated
range (cm)

Error
(%)

Predicted range by the
proposed method (cm)

Error
(%)

Predicted range by the
proposed method (cm)

Error
(%)

Predicted range by the
proposed method (cm)

Error
(%)

40 39.64 0.9 42.74 6.85 38.11 4.725 36.31 9.225

80 78.98 1.275 83.45 4.3125 82.07 2.587 81.28 1.6

120 120.92 0.76 117.1 2.41 121 0.83 121.5 1.25

160 161.4141 0.88 162.4 1.5 160.2 0.125 158 1.25

200 200.3333 0.16 198.9 0.55 200.9 0.45 200.1 0.05

240 208.1414 13.27 240.2 0.083 234.8 2.16 241.7 0.70

280 206.7475 26.16 279.3 0.25 280.4 0.14 277.9 0.75

320 206.46 35.43 315.4 1.437 314.6 1.68 319.5 0.15

360 206.62 42.60 361.4 0.38 360.3 0.083 363.1 0.861

400 206.79 48.30 395.2 1.2 399.8 0.05 397.4 0.65
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The results in Table 5 show that our method performs better
than the results in [79], and that in the mapping domain, it
can be used by deploying a multisensor system in elliptical
geometry. The elliptical geometry with regular sensor spac-
ing has errors of less than 1%, i.e., an efficiency of more than
99% in the interval [240; 400] cm and less performance in
the interval [40; 160] cm.

Figure 8 shows the percentage errors of measurement
and prediction, respectively, of the data acquisition device
and the proposed data fusion method when deployed under
three different regularly spaced geometries. Figure 8(a)
shows the measurement errors in the linear deployment

geometry. By applying the proposed method, the behavior
of the measurements is in three intervals. In the interval
[0; 60] cm, we have a maximum error of 20.3% and a mini-
mum of 3.58% more than the actual value, i.e., an average
accuracy of 90.338%. Then, in the interval [70; 180] cm,
we have a maximum error of 5.538% and a minimum of
0.066% more than the real value, i.e., an average precision
of 97.808%. Finally, in the interval [190; 500] cm, the maxi-
mum error is 2.762% and the minimum error is 0.04% more
than the actual value, i.e., an average accuracy of 99.22%.
The analysis in Figure 8(a) shows that using the proposed
data fusion method has an overall detection accuracy of

0 100 200 300 400 500
Real range

0

5

10

15

20

25

30

Er
ro

r (
%

)

Linear deployment geometry

Error with ANN-PSO
Error without ANN-PSO

(a)

Error with ANN-PSO
Error without ANN-PSO

0 100 200 300 400 500
Real range (cm)

0

5

10

15

20

25

30

Er
ro

r (
%

)

Circular deployment geometry

(b)

Error with ANN-PSO
Error without ANN-PSO

0 100 200 300 400 500
Real range (cm)

0

5

10

15

20

25

30

Er
ro

r (
%

)

Elliptical deployment geometry

(c)

Figure 8: Error measurement at regular sensor spacing: (a) linear deployment geometry, (b) circular deployment geometry, and (c) elliptical
deployment geometry.
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97.816% and an increase in accuracy of 11.816% in compar-
ison with the results presented in [54, 69] which used a sup-
port vector machine classifier.

Figure 8(b) shows the measurement errors in the circular
deployment geometry. We notice that by applying the pro-
posed method, the measurement behavior of the span can
be divided into three intervals. In the interval [0, 60] cm,
the maximum error is 31.3% and the minimum error is
1.68% more than the actual value, i.e., an average accuracy
of 88.957%. Then, in the interval [70; 180] cm, the maxi-
mum error is 5.714% and the minimum error is 0.125%
more than the real value, i.e., an average precision of
97.611%. Finally, in the interval [190; 500] cm, the maxi-
mum error is 3% and the minimum error is 0.05% more
than the actual value, i.e., an average accuracy of 99.041%.
The analysis in Figure 8(b) shows that the proposed method
achieves an overall detection accuracy of 96.93%, which is an
increase in accuracy of 1.93% less than the results in [80],
who used the Monte Carlo method.

Figure 8(c) shows the measurement errors in the ellipti-
cal deployment geometry. Note that by applying the pro-
posed method, the measurement behavior of the span can
be divided into three intervals. In the interval [0, 60] cm,
we have a maximum error of 14.5% and a minimum of
0.58% more than the actual value, i.e., an average accuracy
of 93.3075%. Then, in the interval [70; 180] cm, the maxi-
mum error is 1.6% and the minimum error is 0.07% more
than the real value, i.e., an average precision of 99.067%.
Finally, in the interval [190; 500] cm, the maximum error
is 1.03% and the minimum is 0% more than the true value,
i.e., an average accuracy of 99.632%. The analysis in
Figure 8(c) shows that the proposed method achieves an
overall detection accuracy of 98.737%, which is 12.737%
and 3.737% more accurate than the results in [25, 54, 80],
respectively.

Figure 9 shows the target-device range data with irregu-
lar spacing between the sensors under three deployment

geometries on actual values. The data predicted by the pro-
posed data fusion method (ANN-PSO) are in black, and
the raw data are in brown. A comparison of results is made
between those predicted by the proposed PSO-ANN fusion
method and those estimated by the data acquisition device.
A significant improvement in the performance of the multi-
sensor system could be achieved with the algorithm by
applying the proposed data fusion method.

In linear, circular, and elliptical geometry along the max-
imum test range, the measurements follow a quasilinear
form in the interval [0; 350] cm. This evolution shows that
the signal-to-noise ratio is almost linear over the interval
[0; 350] cm. In the interval [360; 500] cm, in linear geome-
try, the maximum value variation is 10.3 cm with the pro-
posed method and 165.51 cm on the raw data. In circular
geometry in the interval [360; 500] cm, the maximum value
variation is 9.1 cm by applying the proposed method and the
maximum value is 51.88 cm with the raw data. In elliptical
geometry in the interval [360; 500] cm, the maximum value
variation is 9.5 cm with the proposed method and the max-
imum value variation is 26.68 cm with the raw data.

An accuracy of 96.81%, 97.089%, and 98.77% have been
obtained, respectively, for linear, circular, and elliptical
geometries by applying the proposed method. Note that
the elliptical geometry has better range estimation accuracy
than the circular and linear geometry when the spacing
between sensors is irregular.

Figure 10 shows the percentage of errors of measure-
ment and prediction, respectively, of the data acquisition
device and the proposed data fusion method under three
geometrical deployments in irregular spacing.

Figure 10(a) shows the measurement errors in the linear
deployment geometry. Note that by applying the proposed
method, the measurement behavior of the range can be
divided into three intervals. In the interval [0; 60] cm, the
maximum error is 22.558% and the minimum error is
6.467% more than the actual value, i.e., an average accuracy
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Figure 9: Target-to-device distance estimation under three deployment geometries at irregular spacing.
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of 88.373%. Then, in the interval [70; 180] cm, the maxi-
mum error is 14.15% and the minimum error is 1.389%
more than the real value, i.e., an average precision of
95.401%. Finally, in the interval [190; 500] cm, the maxi-
mum error is 3.083% and the minimum error is 0.02% more
than the true value, i.e., an average precision of 98.93%. The
analysis of the results presented in Figure 10(a) shows that
using the proposed method has an overall detection accu-
racy of 96.805%, which is an increase in accuracy of
10.805% more than the results in [25, 54] which used a sup-
port vector machine classifier.

Figure 10(b) shows the measurement errors in the circu-
lar deployment geometry. Note that by applying the pro-
posed method, the behavior of the range measurement can
be divided into three intervals. In the interval [0; 60], the
maximum error is 47.3% and the minimum error is 3.1%
more than the actual value, i.e., an average accuracy of
85.67%. Then, in the interval [70; 180] cm, the maximum
error is 9.1% and the minimum error is 0.667% more than
the real value, i.e., an average precision of 97.156%. Finally,
in the interval [190; 500] cm, the maximum error is
1.676% and the minimum error is 0% more than the true
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Figure 10: Error measurement at irregular sensor spacing: (a) linear deployment geometry, (b) circular deployment geometry, and (c)
elliptical deployment geometry.
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value, i.e., an average precision of 99.206%. The analysis of
the results presented in Figure 10(b) shows that the pro-
posed method has an overall detection accuracy of
97.088%, which is an increase in accuracy of 2.088% less
than the results in [82], who used the Monte Carlo method.

Figure 10(c) shows themeasurement errors in the elliptical
deployment geometry. Note that by applying the proposed
method, the measurement behavior of the span can be divided
into three intervals. In the interval [0; 60] cm, the maximum
error is 9.8% and the minimum error is 2.625% more than
the actual value, i.e., an average accuracy of 94.883%. Then,
in the interval [70; 180] cm, the maximum error is 5.938%
and the minimum error is 0.09% more than the real value,
i.e., an average precision of 98.657%. Finally, in the interval
[190; 500] cm, the maximum error is 2.714% and the mini-
mum error is 0.024%more than the true value, i.e., an average
precision of 99.536%. The analysis in Figure 8(c) shows that
the proposed method has an overall detection accuracy of
98.766%, which is 12.766% and 3.766% more accurate than
the results in [54, 80], respectively.

A general remark on the proposed fusionmethod is that in
order to perform well over the interval [0; 60] cm, there is a
minimum guard distance to be respected for all sensors to
see the target at the same time. This means that the common
detection distance for all sensors is the difference between
the maximum sensor range and the minimum guard distance.

Table 6 presents a comparison of the estimation accura-
cies made by the proposedmethod and those in the literature.
It is noted that with the proposed fusion method, whether in
linear or circular deployment, a significant improvement in
performance is obtained compared to the literature. Note
that the elliptical deployment geometry has better results in
both regular and nonregular spacing than the linear and cir-
cular deployment geometries. The results obtained show that

the proposed data fusion method with an accuracy of 10%
higher than the results in [54] is a good candidate for the traf-
fic management sector.

In the field of mapping and localization, with more than
2.81% accuracy compared to the results in [79, 80], the pro-
posed method gives significant performance. The health
domain is a domain where accuracy is a crucial factor. The
proposed method using an elliptical deployment with an
accuracy of 0.76% more than the results in [68, 91] can pro-
vide better knowledge of the condition of elderly people, and
with 0.81% more than the results in [72], it improves the
movement of blind people. The proposed method has an
average accuracy of 1.2% higher than the results in [9, 92]
that are required to save a life in an automobile.

The proposed method can provide a better optimization
of building maintenance with 51.71% more than the results
in [65]. The field of robotics is booming. Looking at the per-
formance of the proposed method, which has an error of
13 cm less than the results in [57], the proposed method
brings more performance. Table 6 shows that the choice
and design of the deployment geometry as well as the fusion
algorithm are very important parameters for an efficient
multisensor data fusion system.

Table 7 shows the expressions for the error indices: mean
absolute percentage error (MAPE), mean square error
(MSE), and mean absolute error (MAE), where N is the total
number of ym i , the actual data (estimated by the device)
used to make the tests, and yp i are data predicted by the
proposed method. Table 7 shows the results of the calcula-
tions of the error indices between the real values and the
estimated values (measured by the device) as a function of
the deployment geometries committed by the proposed data
fusion method. The analysis of the results presented in
Table 7 shows us that the mode of spacing between sensors

Table 7: Calculation results of the errors between the range values predicted by the proposed method and the actual values as a function of
spacing.

Error indices Formula
Deployment geometries

Linear Circular Elliptical
RS IS RS IS RS IS

MAPE = 1
n
〠
n

i=1

ym i − yp i

ym i
4 37E − 04 6 38E − 04 5 02E − 04 5 82E − 04 2 52E − 04 2 46E − 04

MSE = 1
n
〠
n

i=1
ym i − yp i

2
0.224 0.464 0.271 0.204 0.051 0.092

MAE = 1
N
〠
n

i=1
ym i − yp i 0.052 0.078 0.057 0.054 0.025 0.030

IS: irregular spacing; RS: regular spacing.

Table 6: Comparison of the accuracy (%) obtained by the proposed method with that found in the literature.

Literature Proposed method
Other Linear Circular Elliptical

Deployment geometry [81] [82] [52] [66] [69] [70] [72] RS IS RS IS RS IS

Accuracy (%) 86.000 95.000 96.040 45.370 90.300 98.000 97.950 97.810 96.800 96.930 97.080 98.730 98.760

RS: regular spacing; IS: irregular spacing.
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and the geometry of deployment are crucial parameters in
the design of multisensor data collection devices. The spac-
ing and deployment geometry contribute to improving the
data fusion. Applying the proposed method, regardless of
the geometry, the MAPE is superior to those in [56, 93]
which use fuzzy logic. For the MSE, the proposed method
provides a better MSE than [25, 61] which uses the Newton
polynomial. From Table 7, note that the results for elliptical
geometry are better than those for linear and circular geom-
etry, showing the importance of choosing the right deploy-
ment geometry for a specific application.

6. Conclusion

This paper proposes a data fusion method to improve the
performance of multisensor data acquisition systems. The
proposed method includes the design of the data acquisition
device, data preprocessing, and data fusion. The false alarm
probability and the aperture angle were used to design the
deployment geometry of the data acquisition device. Then,
for data preprocessing, a synergy algorithm based on the
adjustment and compensation factors was proposed to
decrease the false alarm detection rate. Finally, for data
fusion, the backpropagation neural network with a learning
rate and the number of hidden layers optimized by the
PSO was used. An identical multisensor prototype was made
with the ultrasonic sensors to validate the veracity and prac-
ticality of the proposed method on three deployment geom-
etries (linear, circular, and elliptical). These deployment
geometries are designed with regular and irregular spacing
between the sensors. The results obtained show an overall
detection accuracy of 97.300%, 97.000%, and 98.740% in lin-
ear, circular, and elliptical geometry, respectively. The pro-
posed merger method is evaluated with indices such as
MAPE, MSE, and MAE. The analysis of these results shows
that elliptical geometry is better for the acquisition of data
from multisensor systems. Future works could focus on
improving the proposed method over small distances and
adapting the elliptical geometry in the deployment of multi-
static radar systems such as synthetic aperture radar. Work
needs to be done to optimize the parameters of the PSO,
namely, acceleration factors, individual factors, and social
factors, allowing the PSO to provide the optimal value of
the learning rate and the number of hidden layers in order
to have an optimal architecture of the neural network for
better data fusion.
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