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Abstract: The 5G cellular network is expected to provide core service platform for the expanded
Internet of Things (IoT) by supporting enhanced mobile broadband (eMBB), massive machine-type
communication (mMTC), and ultra-reliable low latency communications (URLLC). Unmanned aerial
vehicles (UAVs), also known as drones, provide civil, commercial, and government services in
various fields. Particularly in a 5G IoT scenario, UAV-aided network communications will fulfill
an increasingly important role and will require the tracking of multiple UAV targets. As UAVs
move quickly, maintaining the stability of the communication connection in 5G will be a challenge.
Therefore, it is necessary to track the trajectory of UAVs. At present, the GM-PHD filter has a problem
that the new target intensity must be known, and it cannot obtain the moving target trajectory and
the influence of the clutter is likely to cause false alarm. A UAV-PHD filter is proposed in this work to
improve the traditional GM-PHD filter by applying machine learning to the emergency detection and
trajectory tracking of UAV targets. An out-of-sight detection algorithm for multiple UAVs is then
presented to improve tracking performance. The method is assessed by simulation using MATLAB,
and OSPA distance is utilized as an evaluation indicator. The simulation results illustrate that the
proposed method can be applied to the tracking of multiple UAV targets in future 5G-IoT scenarios,
and the performance is superior to the traditional GM-PHD filter.
Keywords: 5G; IoT; UAV; multitarget tracking; GM-PHD filter; UAV-PHD filter; machine learning

1. Introduction
The communication industry has experienced massive growth over the past two decades.
In the first generation (1G), only analog systems were used. However, in the fourth generation
(4G), all-IP-based systems have been employed. It is conceivable that the fifth generation (5G)
cellular network will achieve a qualitative breakthrough in various fields including equipment and
technology [1–5]. The rapid evolution towards 5G is due to developments in digital modulation,
the popularity of the Internet, and physical layer technologies such as WCDMA, OFDMA, MIMO,
and HARQ. However, the development of 5G wireless systems remains challenging, and requires
the inclusion of 5G wireless systems in new applications. A number of public and private sectors
including urban management, healthcare, and transportation have already been improved due to 5G
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applications [6]. In the future, the 5G cellular network advantages of wide coverage, plug-and-play,
and embedded security, will be utilized to support the expanded Internet of Things (IoT).
While IoT for smart devices was conceived as part of a common vision for the future of the Internet,
technology available at the time could not facilitate its implementation [7]. Today, small computer
devices have both sensing and communication capabilities, as well as universality, providing a path
to realize the IoT vision [8]. The IoT is made up of multiple physical devices that have the ability to
connect to remote computing. This also enables IoT to communicate between heterogeneous devices
without human intervention [9–11]. As the IoT can create an environment conducive to daily life and
business applications, as well as promote the development of the world economy, it has the capacity to
transform lives in the near future.
Unmanned aerial vehicles (UAVs), also known as drones, are used in various civil, commercial,
and government functions including environment monitoring, soil quality testing, and disaster relief.
As UAVs can provide high-speed wireless communication, it is speculated that they will have an
important role in implementing 5G [12,13]. The function of UAVs can be enhanced by additional
technology. For example, when equipped with wireless access technology, drones can move to various
locations to provide a network connection from the sky to a ground device in a desired area. Drones
can also facilitate the potentials of 5G and are currently used to provide 5G connectivity for IoT devices.
In addition, UAVs have the advantages of rapid deployment, high mobility, and low cost, which are
not available in terrestrial communications [14]. However, as UAVs move quickly, maintaining the
stability of the communication connection in 5G will be a challenge. Therefore, it is necessary to track
the trajectory of UAVs. As multiple UAVs will be required for providing communication connections,
multitarget tracking technology is the focus of this study.
Under multitarget tracking, the radar automatically determines the coordinates of multiple targets
covering the airspace under computer control, and continuously provides target position data for
determining the target and predicting target trajectory [15]. Numerous approaches exist for achieving
multitarget tracking, including representative methods based on detected data associations and energy
minimization. The method of detecting data association based on detection is most often used as it is
more reliable for solving the data association of multiple frames together [16]. Most previous data
association-based methods only consider the relationship between detections in the local finite time
domain. As a result, such methods struggle to operate under long term occlusion or to distinguish
spatially close targets with similar appearance in crowded scenes. Data association is one of the
most difficult problems in multitarget tracking, and solutions can be broadly divided into the two
categories of Bayesian and non-Bayesian. Another problem encountered in multitarget tracking is that
the maximum tracking accuracy of the tracking algorithm is much lower than that of a single-target
tracking algorithm and fails to meet operational requirements. Thus, multitarget tracking contains
significant technical challenges that are not present in classical detection, estimation, and nonlinear
filtering problems, mainly due to measurement source uncertainty.
In the early 21st century, Ronald Mahler proposed the use of Finite Set Statistics (FISST) to
achieve multitarget Bayesian estimation under multiple sensors. It was later discovered that RFS-based
multitarget Bayesian filters contain multidimensional integrations that are difficult to implement. To
solve this problem, Mahler proposed a PHD (Probability Hypothesis Density) filter [17], which uses
first-order moment information to approximate multitarget states. This theory avoids the problem
of data association between observed and state values in traditional multitarget tracking methods.
However, its shortcoming is that there is a large number of integral operations based on functions of
random finite set, which is difficult to apply in engineering. Ba-Ngu Vo et al. proposed the GM-PHD
filter [18], which made linear, Gaussian assumptions on the target dynamics and birth process, using the
linear Gaussian model to obtain the solution of the PHD recursive equation. The PHD filter is effectively
improved and has the advantages of small calculation amount and simple target state extraction.
Later, it was found that the PHD filter recursive process can transmit the target number information,
but under certain conditions, its estimation of the target number is very unstable. In response to
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this problem, Mahler [19] further improved the PHD filter in 2006, and proposed a Cardinalized
Probability Hypothesis Density (CPHD) filter that can simultaneously transmit the target posterior
PHD and potential distribution (probability distribution of the target number). Mahler presupposes
that the target appearance and disappearance process obey the multi-Bernoulli distribution [20]. Based
on the independence of state between the targets, another approximation method of the optimal
multiobjective Bayesian filter is given, which called Multitarget Multi-Bernoulli, MeMBer) filter.
Although GM-PHD filter is the most widely used, it still contains some limitations for practical
engineering applications. On one hand, the intensity of the new target needs to be known, On
the other hand, it has no trajectory correlation function. Gaussian mixture probability hypothesis
density (GM-PHD) filters are widely used to track multiple targets [21,22]. The GM-PHD filter can
propagate the posterior probability density function related to multiple targets, and avoids the data
interconnection problem between the target and the measured value through recursion. This filter is
combined with machine learning in this work, and a UAV-PHD filter is proposed to achieve multitarget
tracking of UAVs.
The remainder of this paper is organized as follows. Section 2 introduces the UAV-IoT network as
the application scenario of the proposed algorithm. Section 2 examines target tracking and traditional
GM-PHD filter, and the proposed UAV-PHD filter is developed in Section 3. Section 4 presents the
simulation results of the presented multitarget tracking method. Finally, Section 5 concludes the paper.
2. System Model
2.1. UAVs in a 5G-IoT Scenario
The IoT has expanded significantly in recent years, with UAVs playing a vital role in supplying
wireless connectivity. Wireless communication provided by drones has provided an important
contribution to expanding network coverage and supporting wireless connectivity [23]. As illustrated
in Figure 1a, UAVs can be used as mobile flying base stations (MFBSs) and provide network connectivity
to terrestrial devices when equipped with the relevant wireless access technologies. Such drones
are quick and simple to deploy, and their configurations are more flexible, supplying a superior
communication channel via short-range line of sight links [24]. Network performance can be improved
further by precisely directing drones to specific targets, meaning UAVs will perform a significant role
in 5G connectivity. These applications are particularly relevant for expanding network coverage to
countryside zones or establishing temporary connectivity in areas where terrestrial networks could
be unstable.
Drones also have the capacity to combine the benefits of 5G and IoT in a special mode.
As demonstrated in Figure 1b, some IoT devices could be carried onboard UAVs. Drones equipped
with remotely controlling IoT devices such as cameras and sensors possess the ability to provide IoT
services during the initial tasks. Therefore, when UAVs reach a particular location, a designated time,
or when a special event occurs, IoT devices can take measurements from the air as needed. As UAVs
can easily fly to different locations, they can be redirected to a required zone specified by users [25].
This offer a possibility of quickly establishing IoT services in countryside zones or in areas without IoT,
as well as offering IoT functions through the intelligent orchestration of drones and their airborne IoT
devices. For example, drones could share tasks that measure the humidity and temperature of large
forests in order to locate potential fires before they occur. As a communication network, 5G will assist
in the integration of IoT platforms based on UAV and provide the desired services. The required quality
of services will benefit from the high data speed of 5G, meaning it will be able to offer high-resolution
videos captured by the UAVs, while ensuring the communication of information such as geographic
location and remaining energy. In addition, as a large number of drones will be deployed in the
era of 5G, they will have the ability to accommodate a large number of nodes. Thus, drones have
an increasingly important role in IoT wireless connections and enable a variety of IoT services to be
provided from the air.
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adequate capabilities or computing resources or they require other complementary IoT devices to
perform an IoT task. As shown in Figure 2, the system coordinator (SC) is responsible for orchestrating
2.2. Target Tracking

2.2.1. Target Tracking Background
Recursion plays a pivotal role in multitarget tracking. The trajectory of each object is determined
at the beginning of radar scanning; then, measurement information from the sensors is used to update
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the operations of drones and their onboard IoT devices, as well as dealing with user requests for IoT
services. In order to provide satisfactory IoT services, the SC initially selects the most appropriate
UAV depending on a number of principles such as the current route of the drone, onboard IoT device,
remaining energy level, and the priority of the current task. The flying paths of drones are also
coordinated by the SC, which ensures that no collision will occur during travel. To ensure the security
of communications between drones and terrestrial stations, the SC determines which access technology
should be employed on the UAV, when it must occur, and where the data should be transmitted
(e.g., edge or cloud server).
In short, in 5G-IoT scenarios, UAVs promise to play a significant role. UAVs could be used as
mobile flying base stations (MFBSs) and provide network connectivity to terrestrial devices when
equipped with the relevant wireless access technologies. Furthermore, they could be equipped with
onboard remotely controlling IoT devices to provide IoT services in countryside zones or in areas
without IoT. Drones can also be utilized to establish an innovative aerial UAV-based IoT platform, which
could compute the collected data and make real-time decisions from the air. However, maintaining the
5G communication connection when tracking UAVs could be a problem, since UAVs move rapidly in
the sky.
2.2. Target Tracking
2.2.1. Target Tracking Background
Recursion plays a pivotal role in multitarget tracking. The trajectory of each object is determined
at the beginning of radar scanning; then, measurement information from the sensors is used to update
the initially established target track. When measurement data (echo) from the sensor enters the
target’s tracking gate, the echo is called a valid measurement (or valid back) wave [28–31]. Even with
only one target, there may be multiple valid measurements due to clutter interference. To estimate
the true motion trajectory of each object, the target tracking process includes three stages: target
recognition, adaptive filtering, and prediction. In the tracking space, the data association input is a
valid measurement, and measurements or echoes unrelated to the established target trajectory may
come from potential new targets or clutter. The tracking start method first identifies if tracking can be
performed and a new target track is set accordingly. If the target is fleeing or corrupted in the tracking
space, the tracking termination method can eliminate tracking and reduce unnecessary computational
overhead. Finally, the appropriate tracking gate center and size at the next moment can be selected
based on the target prediction value and the received echo probability value. Data association is a vital
technology for target tracking, especially for multitarget tracking. The accuracy of the data association
will directly affect the performance of the tracking system as the associated results determine the
observed echo of the updated target tracking.
2.2.2. Traditional GM-PHD filter
(a) Assumptions
The high computational complexity of the PHD filter and multidimensional integration problems
with indefinite dimensions can create difficulties in practical engineering applications. Vo et al.
proposed a GM-PHD filter based on a linear Gaussian system to address this issue [32–34]. The filter is
based on certain assumptions that are summarized below.
It is assumed that the dynamical model and observation model for each object are both
linear Gaussian.
fk|k−1 (xk xk−1 ) = N (xk ; Fk−1 xk−1 , Qk−1 ),
(1)
gk|k−1 (zk |xk ) = N (zk ; Hk−1 xk−1 , Rk−1 ),

(2)
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where Fk−1 is the state transition matrix, Qk−1 is the noise driven matrix, Hk is the measurement
matrix, Rk is the measurement noise matrix, and N (x; m, P) is a Gaussian distribution with mean m
and covariance p.
It is assumed that the probability of survival and the probability of monitoring the target are
independent of each other.
pS,k (x) = pS,k ,
(3)
pD,k (x) = pD,k ,

(4)

The intensities function of the new targets can be expressed in the form of Gaussian mixture and
there are no spawn targets.
Jγ ,k


X
(i)
(i)
(i)
γk (x) =
ωγ,k N x; mγ,k , Pγ,k ,
(5)
i=1

(b) Filtering steps
The GM-PHD filter implements filtering by a prediction stage and an update stage.
Suppose that posterior intensity of multiple targets at time k − 1 is a Gaussian mixture of the form:
υk−1 (x) =

Jk−1
X



(i)
(i)
(i)
ωk−1 N x; mk−1 , Pk−1 ,

(6)

i=1

Thus, the predicted intensity at time k, which is also a Gaussian mixture, is calculated by:
υk|k−1 (x) = υS,k|k−1 (x) + γk (x),

(7)

where γk (x) is the intensity function of the new object.
υS,k|k−1 (x) = pS,k

Jk−1
X



( j)
( j)
( j)
ωk−1 N x; mS,k|k−1 , PS,k|k−1 ,

(8)

j=1

( j)

( j)

mS,k|k−1 = Fk−1 mk−1 ,
( j)

( j)

PS,k|k−1 = Qk−1 + Fk−1 Pk−1 FTk−1 ,

(9)
(10)

Update: Suppose that posterior intensity at time k is a Gaussian mixture of the form:
Jk|k−1

υk|k−1 (x) =

X



(i)
(i)
(i)
ωk|k−1 N x; mk|k−1 , Pk|k−1 ,

(11)

i=1

Thus, the posterior intensity of time k which is also Gaussian mixture is calculated by:
X


(x; z),
υk (x) = 1 − pD,k vk|k−1 (x) +

(12)

z∈Zk

where,
vD,k (x|z) =

k|k−1
X



( j)
( j)
( j)
ωk (z)N x; mk (z0 ), Pk|k ,

(13)

j=1

(c) Problems of GM-PHD filter in radar trajectory tracking
Although the GM-PHD filter has a simple structure and low computational complexity, it still
contains some problems for practical engineering applications. First, the standard GM-PHD filter
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The introduction of the GM-PHD filter in the previous section illustrates the difficulties in
The introduction of the GM-PHD filter in the previous section illustrates the difficulties in
multitarget trajectory tracking. In this section, the proposed UAV-PHD filter is introduced. The
multitarget trajectory tracking. In this section, the proposed UAV-PHD filter is introduced. The
development of artificial intelligence technology has facilitated increased use of machine learning
development of artificial intelligence technology has facilitated increased use of machine learning in
in a variety of industries, providing new methods to solve problems efficiently. In this work, the
a variety of industries, providing new methods to solve problems efficiently. In this work, the
classical algorithm k-nearest-neighbor (kNN) and k-means clustering in machine learning is applied
classical algorithm k-nearest-neighbor (kNN) and k-means clustering in machine learning is applied
to the traditional GM-PHD filter to improve its performance. The kNN algorithm is applied to the
to the traditional GM-PHD filter to improve its performance. The kNN algorithm is applied to the
emergence detection of UAV targets, and a new target strength estimation algorithm is proposed based
emergence detection of UAV targets, and a new target strength estimation algorithm is proposed
on observation information. In addition, the concept of clustering algorithm is applied to the output
based on observation information. In addition, the concept of clustering algorithm is applied to the
of the filter, and "tag technology" is used to achieve the "data association" between the current state
output of the filter, and "tag technology" is used to achieve the "data association" between the current
information and the target historical state information, thereby extracting the motion trajectory of
state information and the target historical state information, thereby extracting the motion trajectory
multiple UAV targets. In addition, an out-of-sight detection algorithm is proposed for use when the
of
multiple UAV targets. In addition, an out-of-sight detection algorithm is proposed for use when
UAV target is far away from the monitoring range. The algorithm flow is illustrated in Figure 3.
the UAV target is far away from the monitoring range. The algorithm flow is illustrated in Figure 3.
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3.2. Steps for Trajectory Tracking of Multiple UAV Targets
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3.2.1. Emergence Detection of UAV Targets
The kNN algorithm is a supervised learning algorithm composed of a data training set and a data
TheEach
kNNsample
algorithm
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learning
algorithm
composed
of a data
training
setsample
and a
test set.
includes
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each
training
data
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they are divided into different spaces, and the output of the space is determined according to the voting
method or the averaging method of the samples in the space. During the test, the test samples used
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are unlabeled, the distance between each feature of the new sample and each feature in the training
sample is calculated, and the partition space most similar to the test sample is located. The obtained
output of this space is the output of the test sample.
In kNN, the three elements of distance metric, selection of k value, and classification decision
are considered respectively. Once the three rules are determined, a kNN algorithm can be uniquely
determined. In the existing research on PHD filters, the intensity of the new target is often necessary
as priori information. However, in the scenario studied in this paper, the moments and positions of
the appearance of UAVs are random, so the intensities of new targets cannot be predicted in advance.
In this article, we apply the idea of kNN of machine learning. The newly generated UAV target is
determined by operating the observation values of the system at three adjacent moments to obtain the
position information and the speed information. In this work, the three data frames utilized by kNN
are used to monitor the new UAV target. If the new target is detected, the target intensity function is
updated, and the UAV-PHD filter is used for subsequent processing for multiple UAVs. Real-time
tracking is the first step of multitarget tracking, and the algorithm flow is as follows.
1.

2.

It is assumed that the observation sets at times k, k − 1, and k − 2 are Mk , Mk−1 , and Mk−2 ,
respectively, and rk,i (i = 1, 2, . . . , N ) represent the i-th observation generated at time k, with N
observations at this time. In the two-dimensional scene, the observed value r = (x, y) represents
the two-dimensional coordinates of a certain position.
The nearest point pairs are located if the following conditions are met:
















3.

r(k,i) −r(k−1, j)
< vmax
T
r(k−2,p) −r(k−1, j)
vmin <
< vmax
T
r(k−1, j) −r(k,i)
r(k−2,p) −r(k−1, j)
−
< amax T
T
T

vmin <

,

(14)



In this work, r∗ k−2,p , r∗ k−1, j , r∗ k,i is considered as a set of candidate occurrence and r∗ k,i is taken
as the location of the target. Subscript T is the radar scan period and vmin , vmax , amax are the
minimum speed, maximum speed, and maximum acceleration of the UAV targets, respectively,
which can be obtained from prior knowledge.
The new target intensity function is calculated and updated.

3.2.2. Trajectory Extraction of UAV Targets
Group target tracking is a kind of complex multitarget tracking problem. The existing PHD filter
tracking algorithm only models all target sets and cannot directly obtain the motion trajectories of
multiple UAV targets. In the UAV target trajectory extraction process, two problems must be solved.
Firstly, the output of the filter is a set, and the correlation information between the outputs at different
times cannot be obtained by the filter. This means that the trajectories of multiple UAVs cannot be
obtained and the historical information of the trajectory cannot be effectively utilized, affecting the
tracking performance of the filter. Secondly, the filter cannot judge the demise of the UAV, which
will increase the adverse effects caused by the clutter, and is not conducive to subsequent use of the
filtering results. In this paper, the k-means algorithm is applied to the trajectory tracking of multi-UAV
targets, clustering each filtering result of the UAV-PHD filter and extracting the motion trajectories of
the UAVs.
The k-means algorithm is one of the clustering algorithms used to classify data by learning
unlabeled training data. It is based on the observation that the centroid of the cluster should be the
best position of the perfect center. Given a set of any k centers Z, for each center, let V(z) denote its
neighborhood, where z is the nearest neighbor’s set of data points. Each stage of the method moves
each center point z to the centroid of V(z), and then updates V(z) by recalculating the distance from
each point to its nearest center. These steps are executed until a number of convergence conditions are
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met. For points in the general position, the algorithm eventually converges to the local minimum of
the distortion. In the scenario studied in this paper, the process is as follows.
1.
2.
3.

Input the existing trajectory set Ek−1 at time k-1 and the k time filter result set Xk , where
n
o
Ek−1 = e1,k−1 , e2,k−1 , . . . , en,k−1 , Xk = {x1 , x2 , . . . , xm }.

Cluster centers U = µ1 , µ2 , . . . , µn are set and the k time track set C = zeros(1, n) is initialized.
The Euclidean distance of the filtered values Xk,j and ui , are determined respectively, and recorded
as d ji . The nearest value of the distance Xk,j is obtained and recorded as i∗ .

4.

The sample Xk,j is divided into the corresponding cluster: Ci∗ = Xk,j .

5.

The above steps are repeated until all the values in Xk,j have been iterated.

6.
7.

Steps 2–5 are repeated until the algorithm results converge.
If Ci = 0, the current target has no observations, and the algorithm calculates the estimated value
based on the first two frames of data.
If X , ∅, the unclassified value is used as the starting point for the new track.
Output: The updated tracks set C = {C1 , C2 , . . . , Cn }

8.
9.

3.2.3. Out-of-Sight Detection of UAV
In our studied scenario, if we cannot judge the disappearance of the UAV target, the existing filter
will continually focus on the target and false alarms are easily generated. In the proposed 5G-IoT
scenario, the radar has a certain monitoring range. If the UAV disappears, the PHD filter will likely
misinterpret the clutter as the target and affect the accuracy of trajectory tracking. Targets that have
died out will no longer produce observations. Although some targets being tracked may also have
missed detection in a certain test, combined with the existing set of tracks, the time of successive
missed detections of a UAV target can be recorded. If the time of successive missed detections of a UAV
target is greater than three, the target is determined to have disappeared. The specific out-of-sight
detection algorithm of UAVs is as follows.
n o
1.
Using the algorithm proposed in the previous section, the track set C = ek,i , (i = 1, 2, 3, . . . n) is
input at time k, and the matrix S1×N is used to represent the state of N targets. The initial state of
S is entirely 0 matrix.
If Ci = 0, the estimated value is calculated based on the first two frames of data: Ci =
2.
ek−1,i + (e k−1,i − ek−2,i ), and S[i]+ = 1 is set to record the disappearance of the target at this
time frame.
3.
The above steps are repeated to iterate through all the data.
If S[i] ≥ 3, it indicates that the i-th target has been missed three times in a row, and the target can
4.
be judged as out of sight.
5.
Set E = E−{ek,i }. The targets in the trajectory that are far away from the radar monitoring range
are thus eliminated, and the updated trajectory set E is output.
4. Simulation Results
4.1. Model and Parameter Settings
4.1.1. Proposed UAV Dynamic System Model
The experiments in this paper simulate the scenario of tracking multi-UAVs in future 5G IoT
networks and are performed in MATLAB software. After the radar monitoring range is converted
into a two-dimensional plane, the monitoring range of the x–y axis of the two-dimensional plane is
assumed to be [−1000, 1000], the radar scanning period is T = 1, the radar monitoring duration is 100,
h
iT
and the location, speed, and time at which UAV targets appear are random. The vector x, vx , y, v y
is used to represent the state of the UAV target, where x and y represent the position information of
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the two axes, and vx and vy are the velocity information of the two axes directions. According to the
theory of GM-PHD filter, assuming that UAVs have a uniform linear motion, the following state space
model is used to describe the proposed multi-UAV dynamic system.

 1

 0
Xk = 
 0

0

T
1
0
0
"

Yk =

0 0
0 0
1 T
0 11

 T2

 2





Xk−1 +  T

 0




0

1
0

0
0

0
1

0
0
T2
2

T





V ,
 k



#
0
Xk + Wk ,
0

(15)

(16)

The above two equations are the state equation and the observation equation, respectively, where
Vk and Wk are uncorrelated Gaussian white noise. Vk is the process noise, which is the acceleration
during UAV motion, while Wk is the observed noise with the variance σ2w = 102 . The clutter is evenly
distributed over the entire monitoring range. The number of clutter follows a Poisson distribution
whose density is λ, and the target survival probability is ps = 0.99 when the target detecting probability
is pD = 0.98. The combination threshold is U = 4, Gaussian term pruning threshold is τ = 10−5 , and
maximum Gaussian component is Jmax = 100. The simulation assumes that the maximum flight speed
and minimum flight speed of the UAVs are Vmax = 30m/s and Vmin = 0m/s, respectively.
4.1.2. Tracking Performance Evaluation Indicators
An evaluation of the quality of the proposed multi-UAV tracking algorithm must gauge the error
between the target state and the true value in the random finite set, as well as the potential of the set,
that is, the error between the number of targets and the true value. Therefore, traditional evaluation
methods such as mean error and mean square error are no longer applicable in the multi-UAV scenario.
In order to consider these two differences at the same time, the main evaluation schemes are Hausdorff
Distance, Wasserstein Distance and OSPA Distance. Hausdorff Distance is not sensitive to the difference
between the cardinalities, and the treatment of outliers is too serious. The Wasserstein Distance
has made improvements and is sensitive to the cardinality error of the set, but there are still some
limitations. In the case of an empty set, there is no reasonable physical meaning. After comprehensive
considerations, the optimal subpattern assignment (OSPA) distance is thus used to evaluate the
performance of the proposed UAV-PHD filter.
The consistency distance metric OSPA takes into account differences in the state of elements
between sets and the number of elements between sets. Its components are divided into two parts, the
distance error and the associated error, with p used for the distance sensitivity parameter and c for the
associated sensitivity parameter. Define two nonempty sets X = {x1 , x2 , x3 , . . . , xm } and Y = {y1 , y2 , y3 ,
. . . , yn }, which have the following definitions
 
 1p
m
X
 1 

p
p
(dc (xi , yπ(i) )) + (n − m) · c  ,
Dp,c (X, Y) =  min
n

(17)

i=1

The value of p represents the weight of the distance deviation in the position estimation error,
and the value of c represents the weight of the correlation error between the real element set and the
estimated element set. The difference between p and c will affect the weight of the two error types
in the position estimation error. To summarize, using the OSPA distance to measure the similarity
between data sets can better reflect the local features and dynamic characteristics of the situational
information, and the operation process is relatively simple. In this paper the parameters are set as c =
1, p = 100.

and the value of c represents the weight of the correlation error between the real element set and the
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between data sets can better reflect the local features and dynamic characteristics of the situational
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In the experiment, all parameters are controlled to be consistent, the same set of measured values
In the experiment, all parameters are controlled to be consistent, the same set of measured values
are sent to the traditional GM-PHD filter and the new UAV-PHD filter for processing, and the new
are sent to the traditional GM-PHD filter and the new UAV-PHD filter for processing, and the new
target intensity of the UAV is used as the prior information of the UAV-PHD filter.
target intensity of the UAV is used as the prior information of the UAV-PHD filter.
Figures 5 and 6 show the trajectory filtering results of the traditional GM-PHD filter and the
Figure 5 and Figure 6 show the trajectory filtering results of the traditional GM-PHD filter and
proposed UAV-PHD algorithm, respectively. As shown in the simulation figures, in the high-clutter
the proposed UAV-PHD algorithm, respectively. As shown in the simulation figures, in the highUAV target tracking scene, the GM-PHD filter generates more clutter. The performance of the traditional
clutter UAV target tracking scene, the GM-PHD filter generates more clutter. The performance of the
algorithm is compromised because in the IoT scenario, the number of UAVs in the monitoring range
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Figure 8 shows the OSPA error between the filter’s results and the real results, where OSPA Dist
Figure 8 shows the OSPA error between the filter's results and the real results, where OSPA Dist
represents the combined error in the target state and target number estimates, OSPA Loc represents
represents the combined error in the target state and target number estimates, OSPA Loc represents
the error in the target state estimate, and OSPA Card represents the target number estimated error.
the error in the target state estimate, and OSPA Card represents the target number estimated error.
It can be seen that the OSPA parameters of the traditional filter generally have higher values in the
It can be seen that the OSPA parameters of the traditional filter generally have higher values in the
observation interval of 100 moments. The GM-PHD filter has a number of as high as 40 fluctuations
observation interval of 100 moments. The GM-PHD filter has a number of as high as 40 fluctuations
at the OSPA Loc value from 60 to 70 moments. At 10 to 90, the total OSPA Dist and the OSPA Card
at the OSPA Loc value from 60 to 70 moments. At 10 to 90, the total OSPA Dist and the OSPA Card
generally have large fluctuations. On the contrary, the proposed scheme only has a high OSPA value
generally have large fluctuations. On the contrary, the proposed scheme only has a high OSPA value
at 0, 10, 30, 40 moments. It can be seen that the tracking performance of the UAV-PHD algorithm is
at 0, 10, 30, 40 moments. It can be seen that the tracking performance of the UAV-PHD algorithm is
greatly improved compared to the traditional GM-PHD filter.
greatly improved compared to the traditional GM-PHD filter.
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5. Conclusions
This paper explored the vital role of UAVs in future 5G-IoT networks. A UAV-PHD filter was
then proposed
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trajectory tracking of UAV targets. An out-of-sight detection algorithm for multiple UAVs was also
presented to judge the demise of a target. Finally, the proposed algorithm was implemented in
MATLAB, and OSPA distance was used to evaluate the performance of the UAV-PHD filter. From
the simulation results, we can see that the proposed UAV-PHD filter effectively reduces false alarms
and improves tracking accuracy. The combined error in the target state and target number estimates
has been improved when compared with the traditional GM-PHD filter. The simulation results
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distance was used to evaluate the performance of the UAV-PHD filter. From the simulation results,
we can see that the proposed UAV-PHD filter effectively reduces false alarms and improves tracking
accuracy. The combined error in the target state and target number estimates has been improved when
compared with the traditional GM-PHD filter. The simulation results illustrate that the proposed
improved UAV-PHD algorithm can be applied to the tracking of multiple UAV targets in future 5G-IoT
scenarios with superior performance to the traditional GM-PHD filter.
The proposed method has achieved some improvements oriented on the multi-UAV target tracking
field but there are still some limitations. In the multi-UAV target tracking process, we assumed that the
observation information is strictly organized by time series. However, the observation value is often
obtained by sensors or radars in the real situation. Thus, there must be a large amount of preprocessing
during the information transferring, which may lead to chaotic timing of the observation information.
It is an important problem that should be considered in further work. In addition, how to utilize the
obtained trajectory information for subsequent processing, and with the development of the sensor,
how to realize tracking using multiple sensor measurement data will be discussed in future research.
Author Contributions: Conceptualization, T.T. and T.H.; Methodology, T.T. and T.H.; Software, T.T.; Supervision,
T.H.; Validation, T.T.; Writing – original draft, T.T., H.H. and S.J.; Writing – review & editing, S.M. and M.C.
Funding: This work is sponsored National Natural Science Foundation of China under Grant No.61827901,
No.61671056 and U1633122.
Acknowledgments: Thanks to the editors and reviewers for their careful review, constructive suggestion and
reminding, which helped improve the quality of the paper.
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.
3.
4.
5.
6.

7.

8.
9.

10.

11.

Wollschlaeger, M.; Sauter, T.; Jasperneite, J. The future of industrial communication: Automation networks
in the Era of the internet of things and industry 4.0. IEEE Ind. Electron. Mag. 2017, 11, 17–27. [CrossRef]
Al-Falahy, N.; Alani, O.Y. Technologies for 5G networks: Challenges and opportunities. IT Prof. 2017, 19,
12–20. [CrossRef]
Dhillon, H.S.; Huang, H.; Viswanathan, H. Wide-area wireless communication challenges for the internet of
things. IEEE Commun. Mag. 2017, 55, 168–174. [CrossRef]
Ni, J.; Lin, X.; Shen, X.S. Efficient and secure service-oriented authentication supporting network slicing for
5G-enabled IoT. IEEE J. Sel. Areas Commun. 2018, 36, 644–657. [CrossRef]
Wang, D.; Chen, D.; Song, B.; Guizani, N.; Yu, X.; Du, X. From IoT to 5G I-IoT: The next generation IoT-based
intelligent algorithms and 5G technologies. IEEE Commun. Mag. 2018, 56, 114–120. [CrossRef]
Khurpade, J.M.; Rao, D.; Sanghavi, P.D. A survey on IOT and 5G network. In Proceedings of the
2018 International Conference on Smart City and Emerging Technology (ICSCET 2018), Mumbai, India,
5 January 2018; pp. 1–3.
Moongilan, D. 5G Internet of Things (IOT) near and far-fields and regulatory compliance intricacies.
In Proceedings of the 2019 IEEE 5th World Forum on Internet of Things (WF-IoT), Limerick, Ireland,
15–18 April 2019; pp. 894–898.
Balevi, E.; Gitlin, R.D. A random access scheme for large scale 5G/IoT applications. In Proceedings of the
2018 IEEE 5G World Forum (5GWF), Silicon Valley, CA, USA, 9–11 July 2018; pp. 452–456.
Dutkiewicz, E.; Jayawickrama, B.A.; He, Y. Radio spectrum maps for emerging IoT and 5G networks:
Applications to smart buildings. In Proceedings of the 2017 International Conference on Electrical Engineering
and Computer Science (ICECOS), Palembang, Indonesia, 22–23 August 2017; pp. 7–9.
Hwang, Y.; Shin, J. A study on management of access in industry IoT based 5G new radio standalone
system. In Proceedings of the 2018 International Conference on Information and Communication Technology
Convergence (ICTC), Jeju, Korea, 17–19 October 2018; pp. 883–885.
Rahimi, H.; Zibaeenejad, A.; Safavi, A.A. A novel IoT architecture based on 5G-IoT and next generation
technologies. In Proceedings of the 2018 IEEE 9th Annual Information Technology, Electronics and Mobile
Communication Conference (IEMCON), Vancouver, BC, Canada, 1–3 Novmber 2018; pp. 81–88.

Electronics 2019, 8, 1188

12.
13.
14.
15.
16.

17.
18.
19.
20.
21.

22.

23.

24.

25.
26.
27.
28.

29.
30.

31.

32.

15 of 16

Hellaoui, H.; Bekkouche, O.; Bagaa, M.; Taleb, T. Aerial control system for spectrum efficiency in
UAV-to-cellular communications. IEEE Commun. Mag. 2018, 56, 108–113. [CrossRef]
Motlagh, N.H.; Bagaa, M.; Taleb, T. UAV-based IoT platform: A crowd surveillance use case.
IEEE Commun. Mag. 2017, 55, 128–134. [CrossRef]
Yuan, Z.; Jin, J.; Sun, L.; Chin, K.; Muntean, G. Ultra-reliable IoT communications with UAVs: A swarm use
case. IEEE Commun. Mag. 2018, 56, 90–96. [CrossRef]
Beard, M.; Reuter, S.; Granström, K.; Vo, B.T.; Vo, B.N.; Scheel, A. Multiple extended target tracking with
labeled random finite sets. IEEE Trans. Signal Process. 2016, 64, 1638–1653. [CrossRef]
Kamal, A.T.; Bappy, J.H.; Farrell, J.A.; Roy-Chowdhury, A.K. Distributed multitarget tracking and data
association in vision networks. IEEE Trans. Pattern Anal. Mach. Intell. 2016, 38, 1397–1410. [CrossRef]
[PubMed]
Mahler, R.P.S. Multitarget bayes filtering via first-order multitarget moments. IEEE Trans. Aerosp. Electr. Syst.
2003, 39, 1152–1178. [CrossRef]
Vo, B.; Ma, W. The gaussian mixture probability hypothesis density filter. IEEE Trans. Signal Process. 2006, 54,
4091–4104. [CrossRef]
Mahler, R. PHD filters of higher order in target number. IEEE Trans. Aerosp. Electr. Syst. 2007, 43, 1523–1543.
[CrossRef]
Mahler, R. Statistical Multisource-Multitarget Information Fusion; Artech House: Norwood, MA, USA, 2007.
Yazdian-Dehkordi, M.; Azimifar, Z. An improvement on GM-PHD filter for target tracking in presence of
subsequent miss-detection. In Proceedings of the Iranian Conference on Electrical Engineering, Tehran, Iran,
10–14 May 2015; pp. 765–769.
Fu, Z.; Naqvi, S.M.; Chambers, J. Enhanced GM-PHD filter using cnn-based weight penalization for
multitarget tracking. In Proceedings of the Sensor Signal Processing for Defence Conference (SSPD 2017),
London, UK, 6–7 December 2017; pp. 1–5.
Santana, G.M.D.; Cristo, R.S.; Dezan, C.; Diguet, J.; Osorio, D.P.M.; Branco, K.R.L.J.C. Cognitive Radio
for UAV communications: Opportunities and future challenges. In Proceedings of the 2018 International
Conference on Unmanned Aircraft Systems (ICUAS), Dallas, TX, USA, 12–15 June 2018; pp. 760–768.
Motlagh, N.H.; Bagaa, M.; Taleb, T. UAV Selection for a UAV-Based Integrative IoT Platform. In Proceedings of
the 2016 IEEE Global Communications Conference (GLOBECOM), Washington, DC, USA, 4–8 December 2016;
pp. 1–6.
Ebrahimi, D.; Sharafeddine, S.; Ho, P.; Assi, C. UAV-aided projection-based compressive data gathering in
wireless sensor networks. IEEE Internet Things J. 2019, 6, 1893–1905. [CrossRef]
Motlagh, N.H.; Taleb, T.; Arouk, O. Low-altitude unmanned aerial vehicles-based internet of things services:
Comprehensive survey and future perspectives. IEEE Internet Things J. 2016, 3, 899–922. [CrossRef]
Zhao, J.; Fu, X.; Yang, Z.; Xu, F. Radar-assisted uav detection and identification based on 5g in the internet of
things. Wirel. Commun. Mob. Comput. 2019, 2019, 12. [CrossRef]
Oriuchi, M. Multitarget tracking based on features of sensing results and wireless parameters for physical
wireless parameter conversion sensor networks. In Proceedings of the 2016 IEEE Radio and Wireless
Symposium (RWS), Austin, TX, USA, 24–27 January 2016; pp. 230–233.
Baser, E.; Kirubarajan, T.; Efe, M.; Balaji, B. Improved multitarget multi—Bernoulli filter with modelling of
spurious targets. IET Radar Sonar Navig. 2016, 10, 285–298. [CrossRef]
Li, G.; Yi, W.; Jiang, M.; Kong, L. Distributed fusion with PHD filter for multitarget tracking in asynchronous
radar system. In Proceedings of the 2017 IEEE Radar Conference (RC), Seattle, WA, USA, 8–12 May 2017;
pp. 1434–1439.
Khalil, M. An improved approach for multitarget detection and tracking in automotive radar systems.
In Proceedings of the 2016 International Conference on Electromagnetics in Advanced Applications (ICEAA),
Cairns, Australian, 19–23 September 2016; pp. 480–483.
Fu, Z.; Angelini, F.; Chambers, J.; Naqvi, S.M. Multi-level cooperative fusion of gm-phd filters for online
multiple human tracking. IEEE Trans. Multimed. 2019, 21, 2277–2291. [CrossRef]

Electronics 2019, 8, 1188

33.

34.

16 of 16

Song, Y.; Jeon, M. Online multiple object tracking with the hierarchically adopted GM-PHD filter using motion
and appearance. In Proceedings of the 2016 IEEE International Conference on Consumer Electronics-Asia
(ICCE-Asia), Seoul, Korea, 26–28 October 2016; pp. 1–4.
Qu, C.; Feng, Q.; Li, T.; Zhou, Q. Passive multitarget tracking with the marginalized Kalman GM-PHD
filter. In Proceedings of the 2017 IEEE 2nd Information Technology, Networking, Electronic and Automation
Control Conference (ITNEC), Chengdu, China, 15–17 December 2017; pp. 167–172.
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

