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Abstract
A smart transportation system relies on connected environments and cloud systems 
for ease of operation and assisted routing. Smart vehicles understand the environ-
ment through multi-sensor, network, and pervasive systems for gaining useful 
information. The problem arises with the absence of useful information in explicit 
scenarios where heterogeneous information becomes mandatory. This article aims 
to improve transportation support’s effectiveness using a discrete behavior informa-
tion fusion (DBIF) based on the deep learning technique by considering the contra-
diction in information availability. This proposed technique observes the vehicles’ 
behavior and response to the scene throughout the route displacement. The deep 
learning model achieves greater accuracy in target detection and classification. The 
learning output is the independent fusion of behavior (response output) and informa-
tion (sensed). This sensed information is useful in categorizing further deviations 
and stipulations for the progressive displacements. The stipulated information and 
its deviations are recurrently categorized using support vector machine learning. 
The information provides accurate positioning and tracking of smart vehicles by 
reducing approximation errors and complexity. The simulation results illustrate the 
proposed technique’s efficiency by improving the accuracy of 92.078% and fusion 
rate of 0.9741 and reducing error of 0.0662, complexity of 0.0717, and fusion time 
of 0.9938 compared to existing methods.
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1  Introduction of multi‑sensor information fusion for efficient smart 
transport vehicle tracking and positioning

Innovative technology design has proposed many applications to make humans 
live better. This improvement in technology accomplished smart cities. Internet 
of Things (IoT) makes advancements in the transportation system driven by the 
evolution of the smart transportation system [1]. In smart transportation, route 
optimization is efficient for navigation assistance and road-sides support [2, 3]. 
With the multi-sensors placed near the traffic signals, traffic congestion is pre-
dicted, and the best route is offered to users through mobile devices [4]. In solv-
ing multi-sensory data, aggregation’s key problem, deep learning approaches in 
data fusion can be important [5, 6]. Deep learning shows the capacity to handle 
complex and diverse data [7]. Deep learning multi-sensor networks learn features 
across multiple input sources [6]. In specific, these networks are connected to the 
various inputs [8, 9]. They also discover how multi-sensory data in a shared space 
will share a representation [10]. The use of deep learning methods for multi-sen-
sor activities has significant advantages [11, 12].

Multi-sensor learning can, in particular, understand the real world’s problems 
in-depth and even fill the lost or corrupted sensor data [13]. Therefore, it is clear 
that multi-sensor deep learning research is an evolving area that needs to be criti-
cally learned to tackle the challenges of understanding, perception, and modeling 
of multi-sensor sensing [14, 15]. Distinct modes of transportation and traffic man-
agement related to creative ideas provide a safe and smart transport network [16]. 
It improves the reliability of moving vehicles by providing seamless assistance 
for navigation support, infrastructure support through distributed access [17, 18]. 
Smart transportation applications can perform tracking vehicles in cities and re-
identifying vehicles detected by cameras with the help of new technology merges 
in it [19]. A smart transportation network reduces travel delay and emission to 
provide clean air and eco-friendly applications [20, 21]. To ensure safety, drivers’ 
functionality and sensor data fusion technology provide innovative approaches to 
avoid technology rifts [22].

Multi-sensor information fusion is a developing technology used in many fields 
to recognize moving vehicles, control self-governing vehicles, etc. [9, 23]. The 
sensors fusion technique senses the information collected from different sources 
[24]. It provides high accuracy, so it is widely used in smart transportation net-
works [25, 26]. The sensors provide a useful interpretation of the smart transpor-
tation network about the driver’s behavior [27]. For example, smartphones are 
used as sensors to sense drivers’ behavior, vehicle speed, location, etc. Sensors in 
smartphones, including magnetometer, accelerometer, a global positioning sys-
tem (GPS), etc., [28, 29] Geographical information system based on road infor-
mation provides information about the traffic flow, type of area, surface cracks in 
roads, etc. [30, 31]. Multi-sensor information fusion will process the collected 
information in the form of video frames [32, 33]. Using sensor fusion, communi-
cation, vehicle management, driver assistance, localization, and tracking are per-
formed [34, 35].
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The movement of vehicles and their characteristics are estimated by multi-sensor 
fusion. Multi-sensor information fusion will detect vehicles in both audio and video 
processing techniques [36, 37]. Different sensors will detect the objects around the 
specific vehicle to enclose the traffic control system’s details [38, 39]. Information 
provided through sensor fusion is better than single sensor information, so sensor 
fusion is used for tracking the vehicles [40, 41]. Tracking of vehicles is done by 
imagery sensors consisting of cameras, radio detection and ranging (RADAR), and 
laser detection and ranging (LADAR) [42, 43]. Internal and external sensors are the 
two types of sensors used for tracking the vehicle [44, 45]. Internal sensors meas-
ure the vehicle’s movement, and the external sensors detect the objects around the 
vehicles [46, 47]. Multi-sensor information fusion will use all the information from 
sensors available inside the vehicle [48, 49]. The Control area network will help the 
sensors, controllers, and actuators communicate [50, 51]. Multi-sensor information 
fusion improves the navigation’s accuracy [52] and reliability by reducing the cost, 
complexity, and factors used for tracking [53, 54]. The most significant issues with 
transit vehicle service in intermediate cities include the large number of passengers 
engaged in traffic accidents, traffic congestion produced by transit vehicles, and pol-
lution generated by these cars, which worsens in situations of heavy traffic conges-
tion. To make things better, a study conducted on transit vehicle tracking service is a 
basic service for adopting mobility solutions for the issues above [55].

Vehicle tracking and positioning are critical for many applications, from simple 
routing issues to emergency planning and intervention. To this aim, various methods 
and industrial applications have been presented to fulfill this function; nevertheless, 
real-time tracking systems still need to be refined to improve their accuracy and per-
formance. Evaluating the mathematical model of vehicles’ behavior information and 
target detection.

The paper’s contributions are designing the DBIF model for improving transpor-
tation support’s effectiveness and smart vehicle tracking and positioning based on 
deep learning techniques. The experimental results have been performed, and the 
proposed model enhances the accuracy, fusion time, fusion rate, reduces the error 
and complexity compared to other popular methods.

The rest of the article is structured as follows: Sect. 1 discusses the introduction 
and related works on information fusion for efficient smart transport vehicle tracking 
and positioning. In Sect. 3, DBIF has been proposed. In Sect. 4, experimental results 
have been performed. Finally, Sect. 5 concludes the research paper.

2  Related works

Insight on data association in urban traffic Brambilla et al. [56] proposed augment-
ing vehicle localization by cooperative sensing of the driving environment. ICP-DA 
(Implicit Cooperative Positioning with Data Association) method automatically sur-
passes GNSS’s performance (Global Navigation Satellite Systems). The traffic light 
and vehicle information are jointly used to analyze the proposal, and the proposed 
work increases the positioning performance. Coherence analysis of road safety 
speed and driving behavior is suggested by Colombaroni et al. [57] from floating car 
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data. The driver’s behavior is observed through the data in the road safety analysis 
center. Safety in curves is estimated by floating car data [58]. An advanced onboard 
speed advisory system helps compare the Handling speed, safety condition, and 
occurrence of accidents in the inactive part of the network to ensure the safety and 
support drivers.

Probabilistic end-to-end vehicle navigation in a complex dynamic environment 
is considered by Cai et  al. [59] with multimodal sensor fusion. The probabilistic 
driving model uses information from the sensor devices. The result obtained by 
the proposed work in huge traffic and intense weather condition gives excellent 
performance. Transportation problems are overcome by fleet management.Com-
bined, EKF obtains an accurate vehicle position (Extended and Kalman Filter) with 
Machine learning technology [60].

Balbin et  al. [61] suggested a predictive analysis of big open data supporting 
smart transportation services. Bus performance is examined using big open data. 
Data analyzed using frequent patterns [62, 63]. Prediction is made with the help of a 
decision-tree—Winnipeg open data portal used for analyzing the predicted data [64, 
65]. The result shows that transportation performance is leveraged by providing the 
gain of predictive analytics.

Belhagen et  al. [66] considered low-cost sensor networks and support vector 
machines by improving vehicle localization [67] in a smart city. The vehicle position 
is predicted by EKF (Extended Kalman Filter) and SVM (Support vector machines). 
Wireless sensor networks with low cost are used in GPS sensors. The result shows 
that simple EKF estimation will improve the positioning’s efficiency suppose GPS 
fails to make the prediction. TAAWUN is proposed by Alam et al. [68] for fusion 
and feature-specific road detection approaches. The information shared by the vehi-
cles about the present environment has taken place with the help of TAAWUN. It 
makes the vehicles’ best solution for their safety and other environmental challenges 
using the vehicles’ available data. Deep learning, random forest (RF), and C5.0 clas-
sifiers are used for examining the environment [69, 70]. This work provides percep-
tion for an automatic driving vehicle about the environment to improve the accuracy, 
sensitivity, etc. The knowledge and information retrieved from our method allow 
analyzers a clear understanding of trajectories or citizens’ mobility, which helps cre-
ate effective models of travel to accomplish the ultimate aim of smart transportation 
[71, 72].

Based on the survey, there are several challenges in achieving high performance, 
accuracy, vehicle handling speed, safety condition, and weather condition prediction. 
To overcome these issues, taking account of the contradictions of available informa-
tion, this paper seeks to increase the usefulness of transport assistance with the help 
of DBIF. The methodology suggested observes the details on vehicles’ behavior and 
their responsiveness to the scene throughout the whole route. In the target identifica-
tion and classification, the deep learning model is more accurate. The information 
provided is classified periodically by means of support vector machine help and its 
deviations. Learning output is the independent mixture of behavior and information. 
This critical information is useful for categorizing more anomalies and requirements 
for incremental displacements. The information is useful for the accurate positioning 
and tracking of vehicle detection by reducing approximation and complexity issues.
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3  Proposed DBIF technique

Discrete behavior information fusion (DBIF) has been proposed based on the deep 
learning technique for improving transportation support’s effectiveness and smart 
vehicle tracking and positioning. Multi-sensor information fusion in a smart envi-
ronment is processed by acquiring the vehicle’s information and determining the 
position and movement. Here, the scope of this paper is to improve transportation 
supports the vehicle by deploying DBIF based on a deep learning algorithm. The 
flow diagram of the proposed DBIF is illustrated in Fig. 1.

This work enhances the positioning and tracking of the smart vehicle in which 
decreases the error and complexity. The following equation is equated with iden-
tifying the vehicle behavior; in this, the vehicle’s position differs every time. Here, 
the identification is performed by deploying the vehicle’s previous behavior; thus, 
it yields the vehicle’s information on the environment. Age, gender, sleeping hours, 
and working hours are all included in this paper because they have the potential to 
impact driving behavior as well as stress. Age has been found to be a significant 
contributing factor in a number of traffic accidents.

In data fusion, several data sources are integrated to provide more consistent, 
accurate, and valuable information than is supplied by any particular data source. 
Low-level data fusion creates new raw data by combining many sources of raw data. 
Accessible public transportation is available on nearly all of NSW’s transportation 
systems. In other words, passengers can: use a wheelchair or mobility aid on the 
most metro, light rail, railway, and bus services; request for a permit so that a assis-
tance animal can travel free of charge on all public transportation, and use a scooter 
or other mobility help on most ferries.

The stipulation and deviations of information are categorized by introducing the 
deep learning and SVM approach.

Fig. 1  Flow diagram of DBIF
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Identifying the vehicle position and tracking is monitored in Eq. (1); here, the two 
computations are evaluated as the vehicle is identified and not identified. The num-
ber of the vehicle is represented as 

{
v0, v1 … v2

}
 in this behavior of the vehicle oi is 

monitored that is denoted asbh . The analysis is termed as Δ , which is used to find the 
communication 

(
ck
)
 and navigation 

(
u′
)
 of the vehicle. Here, the information is 

extracted from the vehicle associated with the behavior of the vehicle denoted as (
oi ∗

bh

ld+kc

)
+
(
u� ∗ ir

)
 . Support vector machine, often known as SVM, is a linear 

model for classifying and predicting data. It can solve both linear and nonlinear 
issues, and it is useful in a wide range of real-world situations. SVM’s basic premise 
is as follows: A line or hyperplane is drawn to classify the data using the method.

The global system performance is closely connected to each sensor’s reliability in 
a multi-sensor information fusion system. The confidence of the source corresponds 
to the right rate reached by the information source’s direct judgment. More substan-
tial evidence of reliability helps to make the judicial process more reliable. Further-
more, greater evidence of reliability should be given in proven fusion. Multi-sensor 
perception information fusion ir is an efficient means of interpreting vehicle tracking 
and positioning in the environment. In the first condition, the vehicle behavior is 
monitored and identified. The analysis performed using the second condition to find 
the positioning (ld) and tracking (kc) . Here, communication is established between 
the smart vehicles. In this environment, the navigation is executed that is termed as (
v0 ∗ Δ

)
+
(

ck

u�

)
 . Thus, the first derivation is associated with periodic monitoring, so 

the vehicle behavior is identified, whereas the second derivation does not follow the 
timely manner that is termed as t′ . The identification is denoted as � ; thus, the anal-
ysis is processed in two cases: stipulation and deviation.

A more cost-effective and secure smart vehicle monitoring and tracking system 
based on active radio frequency identification and DL technology is being presented. 
The technology aids in device monitoring by keeping tabs on all of the linked gadg-
ets. The benefit of a smart vehicle monitoring system powered by an active radio 
frequency identification tag.

Traffic efficiency is the goal of an intelligent transportation system (ITS), which 
reduces congestion. It is designed to save travelers time while also improving their 
safety and comfort. The usage of ITS has been generally approved and is currently 
being utilized in several nations. The deviations for different mapping factors under 
tracking time (min) are tabulated in Table 1.

The tracking time varies for the vehicle’s number associated with the stipulation 
and deviation of information. The mapping is executed with the deviation of smart 
vehicle information. If the mapping is 0.1, and the deviation is increased, whereas 
mapping one reduces the deviation.

(1)� =

⎧
⎪⎪⎨⎪⎪⎩

∑
v0

�
oi ∗

bh

ld+kc

�
+
�
u� ∗ ir

�
− t� + vn,∀ Identified�

ir∕bh
kc+ld

�
+
�
v0 ∗ Δ

�
+
�

ck

u�

�
, ∀Not Identified
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3.1  Analysis of information and behavior

The information and behavior are sensed from the vehicle using the sensor; here, two 
types of processing are derived, such as stipulation and derivation. The stipulation is 
referred to as a combination of behavior and information. Here, the vehicle acquires 
the information to monitor the behavior, and it is denoted as the stipulation. If acquired 
information does not detect the correct behavior or a change in the behavior and infor-
mation is referred to as deviation. Figure 2 presents the behavior analysis process.

These two cases are discussed in the below section as follows.

Case 1 The first case indicates the stipulation process associated with the smart 
vehicle’s behavior and information for smart transportation. The stipulation is cal-
culated by formulating the following equation in which it detects the behavior and 
information of the smart vehicle. This identifies the positioning and tracking of the 
vehicle in the environment and provides navigation to the other vehicle.

Table 1  Deviation for tracking 
time and mapping factor

Deviation

Tracking 
time (min)

Mapping = 0.1 Mapping = 0.5 Mapping = 1

10 0.1448 0.1184 0.0949
20 0.1328 0.1153 0.091
30 0.1259 0.1131 0.0892
40 0.1161 0.1073 0.0855
50 0.1139 0.1064 0.0843
60 0.1117 0.0995 0.0835
70 0.1063 0.0981 0.0788
80 0.1042 0.0939 0.0624

Fig. 2  Behavior analysis
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In the above equation, ld the stipulation is computed in which it fetches the infor-
mation for identifying the behavior is monitored periodically. Here, the analysis is 
performed by relating to the communication and navigation of vehicles with each 
other. The tracking and positioning of the vehicle is identified to find the stipulation 
information that is termed by equating 

��
ir ∗ bh

�
+
�

ck∗u
�

∑
�

��
 . The stipulation infor-

mation is denoted as pu is executed in the first case to analyze the vehicle behavior 
and the information it acquires to perform.

Case 2 In this case, the deviation is calculated for the vehicle’s information and 
behavior in the environment. If there are any changes in the stipulation process, the 
deviation is executed to analyze the smart vehicle. The following equation is used to 
compute the deviation for behavior and information for the smart vehicle. This case 
is executed if the stipulation process does not perform reliably.

In the above equation, the analysis is derived for the behavior and information 
from the equation’s stipulation (2a). The deviation is denoted as dn ; here, the time is 
considered to perform the communication between the smart vehicles. The differ-
ence between the behavior and information is monitored and provides the resultant 
on time that is denoted as 

�
vn∏
kc

�
− t� . Here, it estimates the information forwarding 

that is termed as wf  to the other vehicle that utilizes smart transportation. Thus, 
these two cases are computed, and the behavior and information mapping is per-
formed for the information fusion.

A collection of supervised learning techniques known as support vector machines 
(SVMs) is utilized for classification, regression, and detecting outliers. When deal-
ing with two-group classification issues, support vector machines (SVMs) are a use-
ful tool. You can classify fresh text when you train an SVM model with labeled 
training data for each category. Support vector machines provide the following 
advantages: High dimensional areas benefit from this technique’s abilities. The 
method is still useful even if there are more dimensions than there are samples.

3.1.1  Mapping and classification

The vehicle’s behavior is monitored and identifies the position by tracking; for every 
instance, it varies. In this manner, the mapping of behavior is performed by deploy-
ing the stipulation and deviation method equated in Eq. 2a and b. Thus, the mapping 
is estimated, and the classification is used by deploying the deep learning and SVM 

(2a)Δ
�
pu
�
= e� +

��
ir ∗ bh

�
+

�
ck ∗ u�∑

�

��
∗
�
kc + ld

�

(2b)Δ
�
dn
�
=

�
vn∏
kc

�
− t� +

�
ck

�
wf ∗ ld

�
+
�
� −

�
bh − ir

��
+ pu
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method to analyze the behavior and information at varying times. The following 
equation is computed for the mapping of behavior and information of the vehicle.

Various types of sensors linked to a control area network can be used to track 
driving behavior. Driving behavior data refers to the multi-dimensional time series 
measurements. There are several instances where the time series data does not 
appear to be statistically independent. Accelerator opening rate, for example, is 
dependent on longitudinal acceleration. The mapping of behavior and information is 
executed in the above equation; it is represented as xs . The analysis is estimated to 
monitor the information from the vehicle. It includes positioning and tracking 
method, which is denoted as 

∑ld
kc

��
ir ∗ oi

��
 . The sensor or a vehicle senses e′ the 

information that includes communication, navigation, interaction, target achieving. 
This is all associated with the behavior of the vehicle and forward the information to 
another vehicle. It is related to the stipulation and deviation of behavior and infor-
mation of the vehicle that is being identified. Clean and efficient transportation is the 
essence of an intelligent transport system. A cleaner environment, less lost time, and 
decreased energy usage benefit less heavy traffic. Cities that seek to make room for 
electric and, ultimately, self-driving linked vehicles will reap even larger environ-
mental advantages. The mapping is used to improve smart transportation perfor-
mance; by pursuing this process, the classification pu

(
dn
)
 is formulated in the below 

equation.

The classification is formulated in Eq.  (4) related to the stipulation and devia-
tion of behavior and information. The classification is denoted as � in this; it dif-
ferentiates the stipulation and bh deviation of behavior and information. Here, the 
smart vehicle senses the information, and mapping is performed for the behavior 
and information. This process is denoted as 

(
e� − t�

)
∗ xs

(
bh + dn

)
 . The analysis for 

the behavior and information is performed for communication of smart vehicle that 
is termed as xs + ΔA ∗

(
ck − t�

)
 . Thus, the classification deploys by introducing the 

deep learning and SVM method associated with the A decision boundary. This clas-
sification model is performed by evaluating the SVM method used to categories the 
stipulation and deviation of information.

A vehicle tracking system combines the use of automated vehicle location in indi-
vidual cars with software that collects fleet data for a complete picture of vehicle 
whereabouts. GPS are the most widely used technologies for modern car tracking 
systems to locate the vehicle, although other forms of autonomous vehicle location 
technology can also be utilized. Vehicle information may be seen on electronic maps 

(3)xs =

�
Δ ∗ bh∏
ck(vn)

�
+

ld�
kc

��
ir ∗ oi

�
+
�
t� − e�

��
∗ wf +

�
pu + dn

�

(4)

pu
(
dn
)
=

�(pu)
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞(
� +

v0

ir

)
+
(
e� − t�

)
∗ xs

(
bh + dn

)
+

�(dn)
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞∏
e�

�
(
ir + bh

)
− xs + Δ ∗

(
ck − t�

)
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through the Internet or with appropriate software. Vehicle monitoring systems are 
increasingly being used by city public transit agencies, especially in big cities.

3.2  Support vector machine‑based classifications

In SVM, the classification is used to classify deviation and stipulate sensed infor-
mation in smart vehicles; it enhances smart transportation. Here, deep learning and 
SVM are used to analyze the smart vehicle in the environment; the vehicles’ track-
ing and positioning are monitored periodically. This DBIF is used to improve the 
transportation system in smart vehicles that deploy better communication and inter-
action. In Fig. 3, the initial SVM classification is illustrated.

Deep learning and SVM consist of a decision boundary that is associated with the 
hard and soft margin; here, the prediction model is developed to perform the deci-
sion. The concept here is to categorize the stipulation and deviation of behavior and 
information of the smart vehicle. For this decision, the boundary is performed by 
utilizing the two cases and yields either the margin lies in stipulation and deviation 
of information in the following equation.

The decision-making is computed in the above equation that is associated with 
the number of vehicles. Here the prediction is performed, and it is denoted as y0 . 
SVM’s decision boundary is used to categorize the stipulation and deviation of 
information based on deep learning. For this identification of behavior is initiated 
that is termed as 

�
1

vn
+ y0

�
∗
∑

�

�
bh + ir

�
 . Here, the behavior and information are 

related to the stipulation and deviation cases and processed with the decision-mak-
ing approach. In this manner, the mapping is performed on the boundary to decide 
whether the analysis is completed on time.

If the analysis is completed on time,  the information is mapped on one side as 
stipulation; else deviation is evaluated as 

(
pu + dn

)
+
(
ak
/
xs

)
∗
(
Δ − t�

)
 . The 

(5a)

� =

(
1

vn
+ y0

)
∗
∑
�

(
bh + ir

)
∗
(
pu + dn

)
+
(
ak
/
xs

)
∗
(
Δ − t�

)
+
(
kc + ld

)

Fig. 3  Initial SVM classification representation
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decision-making is termed as � in this; the tracking and positioning of the vehicle 
are identified in a reliable manner that deploys the prediction. The prediction is 
used to analyze vehicle behavior, including the smart vehicle’s tracking and posi-
tioning for better transportation. Thus, decision-making is evaluated in Eq. (5a). 
The margin selection is used to analyze the hyperplane that maximizes the mar-
gin between the mappings.

In Eq. (5b), the margin selection is computed, and it is termed as � , the analy-
sis is performed for the navigation and positioning of the smart vehicle. The iden-
tification method is used to deploy the behavior of the smart vehicle. The evalua-

tion is performed by the classification of information that is denoted as 
(

�
�∕u�

)
 . 

The decision is made from the sensed information of the smart vehicle, and the 
margin selection is performed by equating 

(
bh ∗

�

gm

)
 . The margin is termed as gm 

in this; the behavior and information of the smart vehicle are sensed and finds the 
hyperplane. Thus, the margin selection is denoted as �, and hyperplane analysis 
is detected in this equation that improves better transportation assistance. The fol-
lowing equation is calculated to find the correlation between the smart vehicle’s 
behavior and information used to perform the information fusion.

The correlation is performed in Eq.  (6a) in this boundary and is selected for 
the decision-making method; here, the similar behavior sensed from the vehicle is 
mapped. This co-relation is used to improve the information fusion that deploys 
the decision-making approach; it is represented as 

(
y0∗�

ak

)
 . In Table 2, the correla-

tion between different classifications and mapping is presented.
The mapping varies for correlation factor by integrating the smart vehicle’s 

similar behavior and information, and classification deploys the stipulation 
and deviation of information. If the mapping increases, and the classification 
increases for varying smart vehicles. For classification 50, the error is increased, 
whereas for ten is lesser.

The vehicle’s tracking and positioning are detected for every instance, and it is 
formulated by equating the below equation. In this manner, the mapping is per-
formed for the smart transportation that utilizes smart vehicle; here, the stipula-
tion and deviation are considered, and it is denoted by equating 
(
xs ∗ u�

)
+

(
dn∕pu

�

)
 . The process of margin classification and selection is illus-

trated in Fig. 4.

(5b)� =
∏
Δ

(
xs +

(
kc ∗ ld

))
∗

(
�

�∕u�

)
+
∑

e�
(
ir
)
+

(
bh ∗

�

gm

)

(6a)� =

�
y0 ∗ �

ak

�
+

ck�
ld

�
xs ∗ u�

�
+

⎛⎜⎜⎝

dn
�
pu

�

⎞⎟⎟⎠
∗
�
� + oi

�
−

�
gm + bh

t�

�
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The margin is selected from the decision-making boundary that is associated with 
the timely manner of information sensing. The initial vehicle’s behavior is sensed 
and co-relates with the behavior and information; if it is similar, it satisfies the stipu-
lation. On the other hand, the information and the behavior do not co-related; the 
deviation is executed. For this computation step, the tracking and positioning of the 
vehicle are identified in the below equation.

In the above equation, vehicle tracking and positioning are monitored 
promptly, and it is related to periodic monitoring of a vehicle. Here, the vehicle 
senses the information and proceeds with the mapping of vehicle behavior; in this 
manner, the stipulation and deviation are considered, and it is termed as (
oi

u�

)
+
(

ir∗bh

pu+dn

)
 . The vehicle’s tracking is analyzed on time, and it varies for every 

(6b)oi
�
v0
�
=

⎧⎪⎨⎪⎩

∑�
vn + e�

�
∗
�

oi

u�

�
+
�

ir∗bh

pu+dn

�
− t� = kc�

pu + dn
�
�

�
∗
∏
xs

�
oi +�

�
−
�
ir ∗ bh

�
− vn

�
t�
�
= ld

Table 2  Correlation for different classifications and mapping

Correlation

Mapping Classification = 10 Classification = 30 Classification = 50

0.1 0.7728 0.7911 0.8506
0.2 0.7728 0.7956 0.8512
0.3 0.7739 0.8171 0.8594
0.4 0.7814 0.8388 0.8722
0.5 0.7963 0.8446 0.9024
0.6 0.7988 0.8512 0.9163
0.7 0.7994 0.8587 0.9186
0.8 0.8041 0.8625 0.9325
0.9 0.8062 0.8757 0.9512
1 0.8094 0.8816 0.9584

Fig. 4  Margin classification and selection
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computation step, so accurate tracking is not detected. For addressing the track-
ing issue, the prediction is performed that deploys the decision-making in SVM; 
the hyperplane is selected for the vehicle tracking.

The vehicle positioning is detected by the boundary selection method that 
includes the smart vehicle’s behavior and information. The number of the vehi-
cle is detected by its behavior and provides navigation for the upcoming vehicle. 
Here, the number of vehicle positioning is monitored and examines the behav-
ior on time, and it includes the selection of margin approach it is denoted as ∏

xs

�
oi +�

�
−
�
ir ∗ bh

�
− vn

�
t�
�
 . In this manner, the positioning of the vehicle 

is monitored at different time instances. Thus, the update of vehicle positioning is 
monitored by formulating the below equation. It decreases the error while sensing 
the information from the vehicle.

The update of vehicle positioning provides better smart transportation among 
the vehicles, retrieves similar information, and fuses them. In this manner, an 
update is performed for every instance here. The error for different mapping 
instances is presented for classification, tracking, and positioning is presented in 
Tables 3 and 4, respectively.

The classification is varied for every instance, and concerning error and com-
plexity is decreased. The mapping is executed for the behavior and information of 
the smart vehicle that decreases the error factor. If the mapping is improved, and 
the error is decreased; by comparing with mapping 0.1, the error rate for 1 shows 
a lesser value.

Mapping is concerning for error tracking for the smart vehicle and identifying 
the position of the vehicle. If the mapping is increased, then an error is decreased 
for varying instances and the number of vehicles. Compare to tracking, the posi-
tioning shows a lesser mapping factor, and the error rate is decreased for the pro-
posed work.

The prediction and decision-making deploy the deep learning and SVM 
method. The information is forwarded to the other vehicle for better navigation. 
This information is associated with the mapping of similar behavior, and it is 

(7)� =

e�∏
v0

(
pu + dn

)
+

[(
ak ∗ gm
y0
/
xs

)
∗

(
wf + ir

ck

)]
+ (� ∗ �) ∗ oi

(
t�
)

Table 3  Error for classification 
and mapping

Error

Classification Mapping = 0.1 Mapping = 0.5 Mapping = 1

10 0.1139 0.102 0.0853
20 0.108 0.0977 0.0715
30 0.1043 0.0784 0.052
40 0.1018 0.0608 0.0502
50 0.0993 0.0542 0.0455
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denoted as 

[(
ak∗gm
y0∕xs

)
∗
(

wf+ir

ck

)]
 . In Fig. 5, the behavior mapping using the clas-

sification process is presented.
In this approach, the stipulation and deviation are performed, and it is associated 

with the classification of SVM that identifies the vehicle’s behavior based on deep 
learning methods. Here, the monitoring of the behavior and the update is carried 
out on time, and it is represented as (� ∗ �) ∗ oi

(
t�
)
 . The update is referred to as � ; 

it executes for every stipulation and deviation of information that is sensed from the 
vehicle. By computing this method, the error is decreased at the time of sensing. 
The following equation is used to detect vehicle behavior from the update process in 
Eq. (8).

The detection of the vehicle is estimated in the above equation � in this, naviga-
tion of the vehicle is provided for reliable transport assistance. For this, the vehicle’s 
identification and monitoring are analyzed, and the data is forwarded to the other 

(8)� =

(
1

vn
+ �

)
∗
∑
kc

(
� ∗ oi

)
+

[(
wf

u�

)
∗
(
y0 + ak

)]
+� ∗

∏
vn(Δ + �)

Table 4  Error for tracking 
and positioning for different 
mapping

Error

Mapping Tracking Positioning

0.1 0.0335 0.0126
0.2 0.0426 0.0127
0.3 0.0452 0.0159
0.4 0.0528 0.0172
0.5 0.0556 0.0173
0.6 0.0607 0.0186
0.7 0.0612 0.0199
0.8 0.0673 0.0205
0.9 0.0817 0.0208
1 0.0832 0.0212

Fig. 5  Behavior mapping using classification
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vehicle. The predication and boundary-based selection is performed denoted as [(
wf

u�

)
∗
(
y0 + ak

)]
+� . Here, the analysis is performed for this detection method; 

the behavior and information are associated with the vehicle’s number. It utilizes the 
update method to detect vehicle behavior and information and reduces the complex-
ity of communication. The detection is computed in Eq. (8b); from this method, the 
information fusion is performed with the correlated behavior.

3.3  Independent information fusion‑SVM

The information fusion is integrating the similar behavior sensed from the vehicle 
and yields the transportation assistance that satisfies the objective. The sensed infor-
mation is fused that includes the stipulation and deviation information in which it is 
associated with the vehicle’s behavior. Figure 6 presents the process of information 
fusion.

In SVM, the margin is selected by utilizing the hyperplane for behavior identifi-
cation utilizing deep learning models. It detects the positioning of the vehicle. Fol-
lowing Eq. (9a) is used to compute the information fusion.

The information fusion is termed as � ; here, the information is sensed from the 
vehicle verify for the similarity of behavior if it matches the co-relation method the 
fusion is carried out. If the co-relation of behavior is not matched, and the fusion is 
not executed, it decreases vehicle identification accuracy. For overcoming this, the 
stipulation and deviation of the vehicle are mapped by utilizing the SVM method. 
The boundary selection is performed by mapping, and it is termed as [(
ir + bh

)
∗
(

y0−�

xs

)]
 . The selection of margin is used for an optimal vehicle identifi-

(9a)� =

� ∑
e�

vn + oi

�
+
�
�

��
ir + bh

�
∗

�
y0 − �

xs

��
+
�
� ∗ gm

�
+ (� ∗ Δ)

Fig. 6  Multi-sensor information fusion process
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cation process that is computed as 
(
� ∗ gm

)
 . Thus, the co-related information and 

behavior are fused by considering two cases, and the integrating of update and deci-
sion boundary and information fusion is formulated in the below equation.

The integration of update and independent information fusion is used to enhance 
the smart transportation assistance associated with detecting vehicle behavior. The 
analysis is used for monitoring the number of smart vehicles and fuses the co-related 
information on the time that is denoted as � +

(
Δ

vn+oi

)
 . Here, the identification of 

vehicle behavior is monitored, and it detects the stipulation and deviation of infor-

mation on time, and it is represented as 
(

(�∗�)∗oi(t�)
y0∕e�

)
 . This equation is used to pro-

vide smart transportation assistance for the smart vehicle by utilizing the SVM 
method associated with DBIF. If the vehicle positioning is updated, and the informa-
tion fusion varies, so for every update of the vehicle, the information fusion is per-
formed from the co-related behavior. For maintaining and improving the accurate 
positioning and tracking of the smart vehicle, information fusion is performed. 
Thus, the SVM classifier is used in this information fusion method formulated in the 
below equation.

The margin is selected to perform the classification that deploys the SVM 
method. Here, the number of vehicle positions are monitored and improves the 
boundary decision. The decision is made for either stipulation or deviation infor-
mation of a vehicle that is related to the margin selection method; it is denoted as [
�
(
ak
)
+
(
pu + dn

)]
 . Here, the information fusion is done from the co-relation vehi-

cle behavior and provides better navigation for the smart vehicle.
Thus, SVM’s margin selection is performed to improve smart transportation 

assistance, positioning, and vehicle tracking. This work’s scope is addressed by 
introducing the SVM and DBIF; here, the independent information fusion is per-
formed from the smart vehicle. In this manner, the stipulation and deviation infor-
mation is performed under the two cases, decreasing the complexity and error infor-
mation from the smart vehicle. In Table 5, the deviation and error factor for different 
tracking time is illustrated.

The tracking time for the number of vehicles is monitored, and it is associated 
with the deviation factor and error rate. If the deviation factor increases, the error 
rate increases vice versa, showing a lesser error rate. The deviation factor shows low 
to high value, whereas the error deploys the low to high. Compare to the deviation 
factor, and the error shows a lesser tracking time.

(9b)

�(�) = ∫
ld

kc

� +

(
Δ

vn + oi

)
+
∏
bh

(� ∗ �) +

(
(� ∗ �) ∗ oi

(
t�
)

y0
/
e�

)
∗ (� + �) + �

(10)

gm =
1

vn
∗

v0∏
�

(� + �) ∗

(
�

oi + y0

)
+max (� + �) ∗

[
�
(
ak
)
+
(
pu + dn

)]
− t�
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4  Experimentation and results

The key to unlocking a sustainable future is connected infrastructure, which uses 
sensors, intelligent systems, and other technologies to provide real-time input to 
governments and citizens. The performance of the proposed DBIF is verified using 
accuracy, error, complexity, fusion time, and rate. The vehicle density, tracking time, 
and vehicle speed are varied along the x-axis for a comparative analysis with the 
existing EKF + SVM [24], ICP-DA [16], and TAAWUN [26] method. The perfor-
mance is verified using simulations that are carried out in VANSim. The simulation 
setup and parameters are presented in Table 6.

Using the above parameters, the simulation is performed, and the results are dis-
cussed in the following section through comparisons.

4.1  Accuracy analysis

In Fig.  7, the accuracy for the proposed method increases for varying tracking 
time and vehicle speed; it is computed by 

∑
ck

�
wf ∗ ld

�
+
�
� −

�
bh − ir

��
 . Here, 

the behavior and information of the vehicle are used to analyze the accuracy 
level. In this manner, the SVM is used to enhance communication and differenti-
ate the behavior and information. The margin is selected to detect the behavior of 
the vehicle and improve smart transportation. The smart vehicle senses the infor-
mation from the sensor and provides the vehicle position. For every instance, the 

Table 5  Deviation and error for 
different tracking time

Factor

Tracking time (min) Deviation Error

10 0.078 0.013
20 0.078 0.019
30 0.1 0.037
40 0.103 0.069
50 0.106 0.071
60 0.134 0.073
70 0.135 0.077
80 0.139 0.083

Table 6  Simulation setup and 
parameters

Parameter Value

Vehicles 5–30
Speed (Km/h) 20–120
Connecting infrastructures 4
Tracking time (min) 10–80
Data size (mb) 0.4–1.6
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vehicle position and tracking are detected, and it varies by a concern with the 
SVM. The SVM is used to decide whether the decision boundary is used to 
deploy the vehicle position by tracking. The tracking and positioning are detected 
in this work to improve the accuracy level, and it is represented as (
pu + dn

)
+
(
ak
/
xs

)
 . The mapping is performed between the current and previous 

state of the smart vehicle and detects its behavior. The behavior is associated with 
the response, communication, and navigation of the smart vehicle. The smart 
vehicle is used to deploy the vehicle’s positioning and tracking associated with 
the varying instances. In this manner, the decision boundary is used to provide 
navigation for the upcoming vehicle that enhances transportation assistance.

4.2  Error

The error is addressed in the smart vehicle when sensing the information, peri-
odic monitoring avoids this. The error and failure of the vehicle behavior are ana-
lyzed by evaluating 

(
� + oi

)
−
(

gm+bh

t�

)
 . Here, the margin is selected to identify 

the hyperplane by deploying the SVM method. In this, both the behavior and 
information of the vehicle are identified reliably. Here, it estimates the error at the 
time of sensing and avoids them in the following process. In this manner, the 
error information is addressed initially and decreases to improve transportation 
assistance. For every instance in the smart vehicle, the vehicle’s position and 
tracking vary to address this information fusion similarity. Here, the co-relation 
factor is used to identify the vehicle’s similar behavior and provides efficient 
communication. The error factor is addressed by tracking the position of the vehi-
cle because it varies for every instance. In this case, the margin boundary is 
selected to identify the hyperplane by deploying the SVM method. It is used to 
make the decision that is estimated with the prediction of smart vehicles. Here, 
the smart vehicle behavior and information is detected and provides better infor-
mation fusion (refer to Fig. 8).

Fig. 7  Accuracy comparisons
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4.3  Complexity

The proposed work’s complexity decreases by concerning the number of smart vehi-
cles and identifies the position and behavior (refer to Fig. 9). The information fusion 
is carried out if the error is addressed at the initial stage of computation. Here, it 
estimates the decision boundary and evaluates the information fusion that is repre-

sented as 

[(
ak∗gm
y0∕xs

)
∗
(

wf+ir

ck

)]
 . In this, the boundary is selected by the SVM 

method and deploys the margin for smart vehicle transportation. Here, the informa-
tion is forwarded to the other vehicle to improve accuracy and smart transportation. 
The communication and navigation are carried out by utilizing the information 
fusion method; here, it fuses the co-related data. The co-relation is calculated in 
Eq. (6) and produces the similarity of vehicle data. The SVM classifier analyzes the 
smart vehicle’s decision-making and provides the mapping based on deep learning 
classification. The mapping is used to integrate the vehicle’s information and behav-
ior and classifies the stipulation and deviation. The stipulation is executed by acquir-
ing the behavior from the information and analysis on time. Suppose there are any 
changes in the smart vehicle’s information and behavior, the deviation is computed. 

Fig. 8  Error analysis

Fig. 9  Complexity analysis



6140 G. Suseendran et al.

1 3

The complexity is reduced by integrating the information and behavior of the smart 
vehicle.

4.4  Fusion time

In Fig. 10, the fusion time is deceased for varying vehicle speed, and the informa-
tion is sensed from the vehicle’s number. By comparing the fusion time with the 
other three methods, the proposed method shows the lesser value that integrates 
smart vehicle information’s stipulation and deviation. The vehicle senses the infor-
mation and behavior and computes transportation among the number of the vehicle. 
In this manner, the mapping is performed by update the decision boundary that is 
associated with information fusion. By formulating 

[(
wf

u�

)
∗
(
y0 + ak

)]
 the predic-

tion is used for the decision boundary to select the margin. The sensed information 
is forwarded to the other smart vehicle and provides a better decision boundary by 
deploying SVM. Here, the information fusion is carried out by correlating the infor-
mation from the vehicle. In this manner, the detection is executed for the independ-
ent information fusion of smart vehicle behavior. Here, the mapping of behavior and 
information is carried out by tracking and positioning the vehicle. Both the vehicle’s 
stipulation and deviation are analyzed, and navigation to the upcoming vehicle 
improves transportation assistance. From the co-related data, the information fusion 
is carried out promptly.

4.5  Fusion rate

The fusion rate is executed for a varying vehicle at different tracking times by con-
cerning the vehicle position. Here, the prediction is processed in SVM’s decision 
boundary and estimates the behavior based on deep learning models. In this manner, 
fusing the correlated information on time improves the fusion rate. The tracking 
time is associated with vehicle navigation by representing 

[(
ir + bh

)
∗
(

y0−�

xs

)]
 . The 

vehicle’s stipulation and deviation are used to deploy the behavior and information 
of the smart vehicle. In this manner, the mapping is done by utilizing the vehicle’s 

Fig. 10  Fusion time analysis



6141

1 3

Multi‑sensor information fusion for efficient smart transport…

behavior and categorizing it using the deep learning algorithm and SVM method. 
The fusion rate is improved for varying smart vehicle that is associated with the 
decision-boundary. This identification of the vehicle, the position is used to provide 
the classification of behavior and information. Here, the decision-boundary is used 
to analyze the margin with the hyperplane model and derives by equating (
(�∗�)∗oi(t�)
y0∕e�

)
∗ (� + �) + � . The decision-making is used to deploy the vehicle posi-

tion and navigation for varying instances. Periodic monitoring is used to provide the 
boundary selection of behavior that is associated with information fusion. The 
fusion rate is improved by decreasing the error and complexity, and it computes the 
update of decision-making and classification (refer to Fig. 11).

4.6  Comparative analysis summary

The proposed technique shows up alternating results for the different tracking time, 
vehicle speed, and vehicles. From the discussion above, the summary of the com-
parison is presented in Tables 7 (tracking time), 8 (vehicle speed), and 9 (vehicles). 
Beneath each comparison, the discoveries are presented Table 8.

The tabulated result shows that the proposed technique achieves a 10.69% high 
accuracy and 16.58% high fusion rate.

Fig. 11  Fusion rate analysis

Table 7  Comparative analysis 
[tracking time (min)]

Metrics EKF + SVM ICP-DA TAAWUN DBIF

Accuracy % 88.853 90.0967 91.94 92.078
Fusion rate 0.725 0.825 0.8749 0.9741

Table 8  Comparative analysis 
[vehicle speed (Km/h)]

Metrics EKF + SVM ICP-DA TAAWUN DBIF

Accuracy % 88.8211 89.22 90.015 92.847
Error 0.1178 0.0998 0.0827 0.0662
Fusion time (s) 1.318 1.2472 1.1049 0.9938
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DBIF improves accuracy by 10.48% for varying vehicle speed and reduces error 
and fusion time by 10.17% and 18.8%, respectively.

From Table 9, it is seen that the DBIF technique achieves 9.06% less complexity, 
9.9% less fusion time, and 8.89% less error.

5  Conclusion and future scope

Smart transportation systems rely on sensor information from the surrounding for 
better navigation and driving assistance. It helps to provide a precise decision in 
understanding the neighbors, routes, and targets. However, the information available 
does not fulfill the vehicle/ transport requirements due to contradiction. A discrete 
behavior information fusion technique is introduced in this article to address the 
aforementioned issue. The proposed technique relies on assimilated vehicle behav-
ior and multi-sensor information for reliable positioning and tracking. In this pro-
cess, deep learning and support vector machine learning are employed for classi-
fying the stipulated and deviating information acquired. The behavior is correlated 
with the stored information of the vehicles for which the information fusion is per-
formed. This deviation-less fused information helps to provide a reliable response 
of the vehicle to the navigating environment. The linear classification of the vector 
machines helps to identify further deviations in the preceding vehicle direction. The 
simulation results illustrate the proposed technique’s efficiency by improving the 
accuracy and fusion rate and reducing error, complexity, and fusion time. For future 
work, it is very significant to test the operation of the system with a higher number 
of end devices, to identify if this considerably increases packet loss of the total.

References

 1. Fascista A, Ciccarese G, Coluccia A, Ricci G (2018) Angle of arrival-based cooperative positioning 
for smart vehicles. IEEE Trans Intell Transp Syst 19(9):2880–2892

 2. Zhang Y, Zhang G, Fierro R, Yang Y (2018) Force-driven traffic simulation for a future con-
nected autonomous vehicle-enabled smart transportation system. IEEE Trans Intell Transp Syst 
19(7):2221–2233

 3. El-Said M, Mansour S, Bhuse V (2018) DSRC based sensor-pooling protocol for connected vehicles 
in future smart cities. Procedia Comput Sci 140:70–78

 4. An C, Wu C (2019) Traffic big data assisted V2X communications toward smart transportation. 
Wireless Netw 26(3):1601–1610

 5. Mei Q, Gül M, Shirzad-Ghaleroudkhani N (2020) Towards smart cities: crowdsensing-based 
monitoring of transportation infrastructure using in-traffic vehicles. J Civ Struct Heal Monit 
10(4):653–665

Table 9  Comparative analysis 
[vehicles]

Metrics EKF + SVM ICP-DA TAAWUN DBIF

Complexity 0.1161 0.1061 0.0835 0.0717
Fusion time (s) 1.4091 1.2972 0.182 0.9532
Error 0.1137 0.0992 0.0905 0.0567



6143

1 3

Multi‑sensor information fusion for efficient smart transport…

 6. Geissler F, Unnervik A, Paulitsch M (2020) A plausibility-based fault detection method for high-
level fusion perception systems. IEEE Open J Intell Transp Syst 1:176–186

 7. Hu F, Wu G (2020) Distributed error correction of EKF algorithm in multi-sensor fusion localiza-
tion model. IEEE Access 8:93211–93218

 8. Zhang W, Qi Y, Zhou Z, Biancardo SA, Wang Y (2018) Method of speed data fusion based on 
Bayesian combination algorithm and high-order multi-variable Markov model. IET Intel Transp 
Syst 12(10):1312–1321

 9. Lau BPL, Marakkalage SH, Zhou Y, Hassan NU, Yuen C, Zhang M, Tan U-X (2019) A survey of 
data fusion in smart city applications. Inform Fusion 52:357–374

 10. Engelbert A, Mirwani R (2019) Vehicle-in-the-loop with sensor fusion testing for efficient ADAS 
and AD tests. ATZelectronics Worldwide 14(12):84–89

 11. Zhang J, Xiao W, Coifman B, Mills JP (2020) Vehicle tracking and speed estimation from roadside 
lidar. IEEE J Sel Topics Appl Earth Observ Rem Sens 13:5597–5608

 12. Wang X, Zhang J, Tian X, Gan X, Guan Y, Wang X (2018) Crowdsensing-based consensus incident 
report for road traffic acquisition. IEEE Trans Intell Transp Syst 19(8):2536–2547

 13. Manfreda A, Ljubi K, Groznik A (2019) Autonomous vehicles in the smart city era: An empirical 
study of adoption factors important for millennials, International Journal of Information Manage-
ment, p. 102050

 14. Espinoza C, Munizaga M, Bustos B, Trépanier M (2018) Assessing the public transport travel 
behavior consistency from smart card data. Transp Res Procedia 32:44–53

 15. Haider SW, Zhuang G, Ali S (2019) Identifying and bridging the attitude-behavior gap in sustain-
able transportation adoption. J Ambient Intell Humaniz Comput 10(9):3723–3738

 16. Li X, Chen W, Chan C, Li B, Song X (2019) Multi-sensor fusion methodology for enhanced land 
vehicle positioning. Inform Fusion 46:51–62

 17. Sun Y, Guan L, Chang Z, Li C, Gao Y (2019) Design of a low-cost indoor navigation system for 
food delivery robot based on multi-sensor information fusion. Sensors 19(22):4980

 18. Meng T, Jing X, Yan Z, Pedrycz W (2020) A survey on machine learning for data fusion. Inform 
Fusion 57:115–129

 19. Shahian Jahromi B, Tulabandhula T, Cetin S (2019) Real-time hybrid multi-sensor fusion frame-
work for perception in autonomous vehicles. Sensors 19(20):4357

 20. Nweke HF, Teh YW, Mujtaba G, Al-Garadi MA (2019) Data fusion and multiple classifier systems 
for human activity detection and health monitoring: Review and open research directions. Inform 
Fusion 46:147–170

 21. Bai J, Li S, Wang J, Huang L, Dong L, Tong P (2020) Drivable area detection and vehicle localiza-
tion based on multi-sensor information (No. 2020–01–1027). SAE Technical Paper

 22. Wang Z, Wu Y, Niu Q (2019) Multi-sensor fusion in automated driving: a survey. IEEE Access 
8:2847–2868

 23. Qi J, Yang P, Newcombe L, Peng X, Yang Y, Zhao Z (2020) An overview of data fusion techniques 
for Internet of Things enabled physical activity recognition and measure. Inform Fusion 55:269–280

 24. Diez-Olivan A, Del Ser J, Galar D, Sierra B (2019) Data fusion and machine learning for industrial 
prognosis: trends and perspectives towards Industry 4.0. Inform Fusion 50:92–111

 25. Fayyad J, Jaradat MA, Gruyer D, Najjaran H (2020) Deep learning sensor fusion for autonomous 
vehicle perception and localization: a review. Sensors 20(15):4220

 26. Mohanty SN, Lydia EL, Elhoseny M, Al Otaibi MMG, Shankar K (2020) Deep learning with LSTM 
based distributed data mining model for energy efficient wireless sensor networks. Phys Commun 
40:101097

 27. Wei P, Wang B (2020) Multi-sensor detection and control network technology based on parallel 
computing model in robot target detection and recognition. Comput Commun 159:215–221

 28. Nguyen TT, Perschewski JO, Engel F, Kruesemann J, Sitzmann J, Spehr J, Kruse R (2019) Reliabil-
ity-aware and robust multi-sensor fusion toward ego-lane estimation using artificial neural networks. 
In Information quality in Information Fusion and decision making (pp 423–454). Springer, Cham

 29. Kartsch VJ, Benatti S, Schiavone PD, Rossi D, Benini L (2018) A sensor fusion approach for drows-
iness detection in wearable ultra-low-power systems. Inform Fusion 43:66–76

 30. Xiong H, Mai Z, Tang J, He F (2019) Robust GPS/INS/DVL navigation and positioning method 
using adaptive federated strong tracking filter based on weighted least square principle. IEEE 
Access 7:26168–26178

 31. Kong L, Peng X, Chen Y, Wang P, Xu M (2020) Multi-sensor measurement and data fusion technol-
ogy for manufacturing process monitoring: a literature review. Int J Extreme Manuf 2(2):022001



6144 G. Suseendran et al.

1 3

 32. Kumar AD, Karthika R, Soman KP (2020) Stereo camera and LIDAR sensor fusion-based colli-
sion warning system for autonomous vehicles. In  Advances in Computational Intelligence Tech-
niques (pp 239–252). Springer, Singapore

 33. Wu Y, Ta X, Xiao R, Wei Y, An D, Li D (2019) Survey of underwater robot positioning navigation. 
Appl Ocean Res 90:101845

 34. Feng M, Chen Y, Zheng T, Cen M, Xiao H (2019) Research on information fusion method of mil-
limetre wave radar and monocular camera for intelligent vehicle. J Phys: Conf Ser 1314:012059

 35. Blasch E, Grewe LL, Waltz EL, Bendich P, Pavlovic V, Kadar I, Chong CY (2020) Machine learn-
ing in/with information fusion for infrastructure understanding, panel summary. Signal Process, 
Sens/Inform Fusion, Target Recognit XXIX Int Soc Opt Photon 11423:1142300

 36. Feng X, Zhang J, Chen J, Wang G, Zhang L, Li R (2018) Design of intelligent bus positioning based 
on Internet of Things for smart campus. IEEE Access 6:60005–60015

 37. Guan L, Cong X, Zhang Q, Liu F, Gao Y, An W, Noureldin A (2020) A comprehensive review of 
micro-inertial measurement unit based intelligent PIG multi-sensor fusion technologies for small-
diameter pipeline surveying. Micromachines 11(9):840

 38. Shen J, Won JY, Chen Z, Chen QA (2020) Drift with devil: security of multi-sensor fusion based 
localization in high-level autonomous driving under {GPS} Spoofing. In 29th {USENIX} Security 
Symposium ({USENIX} Security 20) (pp. 931–948)

 39. Chakraborty P, Adu-Gyamfi YO, Poddar S, Ahsani V, Sharma A, Sarkar S (2018) Traffic con-
gestion detection from camera images using deep convolution neural networks. Transp Res Rec 
2672(45):222–231

 40. Wright RG (2019) Intelligent autonomous ship navigation using multi-sensor modalities. TransNav: 
International Journal on Marine Navigation and Safety of Sea Transportation, 13(3).

 41. Xia Y, Jian X, Yan B, Su D (2019) Infrastructure safety oriented traffic load monitoring using multi-
sensor and single camera for short and medium span bridges. Rem Sens 11(22):2651

 42. Li HX, Guo XF (2020) Research on Multi-Source Information Fusion Technology. In  Interna-
tional Academic Conference on Frontiers in Social Sciences and Management Innovation (IAFSM 
2019) (pp. 24–28). Atlantis Press

 43. Hu JW, Zheng BY, Wang C, Zhao CH, Hou XL, Pan Q, Xu Z (2020) A survey on multi-sensor 
fusion based obstacle detection for intelligent ground vehicles in off-road environments. Front 
Inform Technol Electron Eng 21:675–692

 44. Shepelev V, Aliukov S, Nikolskaya K, Das A, Slobodin I (2020) The use of multi-sensor video sur-
veillance system to assess the capacity of the road network. Transp Telecommun J 21(1):15–31

 45. Bouain M, Ali KM, Berdjag D, Fakhfakh N, Atitallah RB (2018) An embedded multi-sensor data 
fusion design for vehicle perception tasks. J Commun 13(1):8–14

 46. Gabela J, Kealy A, Li S, Hedley M, Moran W, Ni W, Williams S (2019) The effect of linear approxi-
mation and Gaussian noise assumption in multi-sensor positioning through experimental evaluation. 
IEEE Sens J 19(22):10719–10727

 47. Liu Z, Suo C, Liu Y, Shen Y, Qiao Z, Wei H, Liu YH (2020) Deep learning-based localization and 
perception systems: approaches for autonomous cargo transportation vehicles in large-scale, semi-
closed environments. IEEE Robot Autom Mag 27(2):139–150

 48. Aydin I, Celebi SB, Barmada S, Tucci M (2018) Fuzzy integral-based multi-sensor fusion for arc 
detection in the pantograph-catenary system. Proc Inst Mech Eng, Part F: J Rail Rapid Transit 
232(1):159–170

 49. Ciaparrone G, Sánchez FL, Tabik S, Troiano L, Tagliaferri R, Herrera F (2020) Deep learning in 
video multi-object tracking: a survey. Neurocomputing 381:61–88

 50. Li Y, Zhang W, Ji X, Ren C, Wu J (2019) Research on lane a compensation method based on multi-
sensor fusion. Sensors 19(7):1584

 51. Aguileta AA, Brena RF, Mayora O, Molino-Minero-Re E, Trejo LA (2019) Multi-sensor fusion for 
activity recognition—a survey. Sensors 19(17):3808

 52. Chen X, Ji J, Wang Y (2020) Robust cooperative multi-vehicle tracking with inaccurate self-locali-
zation based on onboard sensors and inter-vehicle communication. Sensors 20(11):3212

 53. Raz AK, Sabatini R (2021) Information Fusion as an Autonomy enabler for UAV Traffic Manage-
ment. In AIAA Scitech 2021 Forum (p. 0658)

 54. Broughton G, Majer F, Rouček T, Ruichek Y, Yan Z, Krajník T (2021) Learning to see through the 
haze: multi-sensor learning-fusion system for vulnerable traffic participant detection in fog. Robot 
Auton Syst 136:103687



6145

1 3

Multi‑sensor information fusion for efficient smart transport…

 55. Shen J, Won JY, Chen Z, Chen QA (2020) Drift with devil: security of multi-sensor fusion based 
localization in high-level autonomous driving under GPS spoofing (Extended Version). arXiv pre-
print arXiv: 2006.10318

 56. Brambilla M, Nicoli M, Soatti G, Deflorio F (2020) Augmenting vehicle localization by coopera-
tive sensing of the driving environment: insight on data association in urban traffic scenarios. IEEE 
Trans Intell Transp Syst 21(4):1646–1663

 57. Colombaroni C, Fusco G, Isaenko N (2020) Coherence analysis of road safe speed and driving 
behaviour from floating car data. IET Intel Transp Syst 14(9):985–992

 58. Yu Y, Tang X, Wu J, Kim B, Song T, Han Z (2019) Multi-leader–follower game for mec-assisted 
fusion-based vehicle on-road analysis. IEEE Trans Veh Technol 68(11):11200–11212

 59. Cai P, Wang S, Sun Y, Liu M (2020) Probabilistic end-to-end vehicle navigation in complex 
dynamic environments with multimodal sensor fusion. IEEE Robotics and Automation Letters, pp. 
1–1, 2020

 60. Belhajem I, Maissa YB, Tamtaoui A (2018) Improving low cost sensor based vehicle positioning 
with machine learning. Control Eng Pract 74:168–176

 61. Balbin PPF, Barker JC, Leung CK, Tran M, Wall RP, Cuzzocrea A (2020) Predictive analytics on 
open big data for supporting smart transportation services. Procedia Comput Sci 176:3009–3018

 62. Zhang Y, Martens K, Long Y (2018) Revealing group travel behavior patterns with public transit 
smart card data. Travel Behav Soc 10:42–52

 63. Gohar M, Muzammal M, Rahman AU (2018) SMART TSS: defining transportation system behav-
ior using big data analytics in smart cities. Sustain Cities Soc 41:114–119

 64. Belhajem I, Maissa YB, Tamtaoui A (2017) Improving vehicle localization in a smart city with low 
cost sensor networks and support vector machines. Mobile Netw Appl 23(4):854–863

 65. Babar M, Arif F (2018) Real-time data processing scheme using big data analytics in inter-
net of things based smart transportation environment. J Ambient Intell Humaniz Comput 
10(10):4167–4177

 66. Belhagen I, Maissa YB, Tamtaoui A (2018) Improving vehicle localization in a smart city with low 
cost sensor networks and support vector machines. Mobile Net Appl 23(4):854–863

 67. Xin C, Jingmei Z, Xiangmo Z, Hongfei W, Hui C (2019) Vehicle ego-localization based on the 
fusion of optical flow and feature points matching. IEEE Access 7:167310–167319

 68. Alam F, Mehmood R, Katib I, Altowaijri SM, Albeshri A (2019) TAAWUN: a decision fusion and 
feature specific road detection approach for connected autonomous vehicles. Mobile Netw Appl. 
https:// doi. org/ 10. 1007/ s11036- 019- 01319-2

 69. Zheng J-C, Wang Y, Lin C-C, Zhang X-L, Liu J, Ji L-W (2017) A fusion algorithm of target 
dynamic information for asynchronous multi-sensors. Microsyst Technol 24(10):3995–4005

 70. Plangi S, Hadachi A, Lind A, Bensrhair A (2018) Real-time vehicles tracking based on mobile 
multi-sensor fusion. IEEE Sens J 18(24):10077–10084

 71. Leung CK, Braun P, Cuzzocrea A (2019) AI-based sensor information fusion for supporting deep 
supervised learning. Sensors 19(6):1345

 72. Wang H, Li S, Song L, Cui L, Wang P (2019) An enhanced intelligent diagnosis method based 
on multi-sensor image fusion via improved deep learning network. IEEE Trans Instrum Meas 
69(6):2648–2657

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published 
maps and institutional affiliations.

https://doi.org/10.1007/s11036-019-01319-2


6146 G. Suseendran et al.

1 3

Authors and Affiliations

G. Suseendran1 · D. Akila1 · Hannah Vijaykumar2 · T. Nusrat Jabeen2 · 
R. Nirmala3 · Anand Nayyar4,5 

 G. Suseendran 
 suseendar_1234@yahoo.co.in

 D. Akila 
 akiindia@yahoo.com

 Hannah Vijaykumar 
 han__vijay@yahoo.co.in

 T. Nusrat Jabeen 
 tn_jabeen@yahoo.co.in

 R. Nirmala 
 nimmi_kala@yahoo.co.in

1 Department of Information Technology, Vels Institute of Science, Technology and Advanced 
Studies, Chennai, India

2 Anna Adarsh College for Women, Chennai, India
3 Shri Krishnaswamy College for Women, Chennai, India
4 Graduate School, Duy Tan University, Da Nang 550000, Viet Nam
5 Faculty of Information Technology, Duy Tan University, Da Nang 550000, Viet Nam

http://orcid.org/0000-0002-9821-6146


Journal of Supercomputing is a copyright of Springer, 2022. All Rights Reserved.


	Multi-sensor information fusion for efficient smart transport vehicle tracking and positioning based on deep learning technique
	Abstract
	1 Introduction of multi-sensor information fusion for efficient smart transport vehicle tracking and positioning
	2 Related works
	3 Proposed DBIF technique
	3.1 Analysis of information and behavior
	3.1.1 Mapping and classification

	3.2 Support vector machine-based classifications
	3.3 Independent information fusion-SVM

	4 Experimentation and results
	4.1 Accuracy analysis
	4.2 Error
	4.3 Complexity
	4.4 Fusion time
	4.5 Fusion rate
	4.6 Comparative analysis summary

	5 Conclusion and future scope
	References


