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Abstract—With the advance of mobile edge computing (MEC)
and the Internet of Things (IoT), digital twin (DT) has become
an emerging technology for provisioning IoT services between the
real world and the cyber world. In this paper, we consider the state
updating of DTs in an MEC network through synchronizing DTs
with their physical objects. We make use of an energy-constrained
UAV for data collection in a sensor network, as an illustrative
example for the DT state updating of each object (sensor), and
then use the DT data of objects (sensors) later for fidelity-aware
query services. To this end, we first formulate a novel DT state
staleness minimization, under a given update budget per update
round. We then propose an optimal algorithm for a special case
of the problem where the budget per update round is exactly K
objects synchronizing with their DTs. We then devise an algorithm
for the DT state staleness minimization problem by reducing to the
award collection maximization problem, assuming that the volume
of the update data generated by each object per update round
is given. Otherwise, we adopt a deep learning method to predict
the volume of the update data. To demonstrate the importance
of the DT state staleness in practical applications, we consider
fidelity-aware query services in the MEC network, and we develop
a cost-effective evaluation plan for each query. We finally evaluate
the performance of the proposed algorithms through simulations.
Simulation results demonstrate that the proposed algorithms are
promising.

Index Terms—Digital twins, DT state staleness, mobile edge
computing, DT synchronizations with physical objects, cost
modeling, algorithm design and analysis, prediction mechanism.
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I. INTRODUCTION

IN THE past decade, digital twin (DT) has gained significant
impetus as a breakthrough technological development that

has the potential to transform the landscape of manufacturing
today and tomorrow [5]. The DT of a physical object refers to
a virtual representation of the object in a virtual environment,
allowing for real-time monitoring and analysis of its behavior
by synchronizing the DT with the object. The DT market is
forecast to reach $15.66 billion by 2023 at an annual growth
rate of 37.87% according to a market research in 2017 [4], and
more organizations and institutions have gained a lot of interest
in DTs. The wide adoption of DTs will further be fuelled up by
strong service demands from users in the edge of networks, such
as Internet of Things (IoT), autonomous driving, healthcare,
smart city, AR/VR, and so on. However, the DT study and its
applications is still in the early stage, accelerating the usage of
DT technologies will bring unprecedented benefits in service
provisioning, intelligent resource allocation for 6G wireless
networks through real-time digital representation of physical
objects [6], [9], [28], [32], [36].

On the other hand, the maturity of mobile edge computing
(MEC) network brings computing and storage resources to the
edge of core network in the proximity of end users, enabling
digital twins to provide services with significant latency reduc-
tion. This effectively harnesses the real-time processing charac-
teristic. Therefore, there is a growing interest in DT-enabled
service provisioning in an MEC network. The conventional
services provided by MEC networks are not comparable with
DT-assisted services in MEC including emulating the evolution
of physical environments of objects, predicting the behaviours of
objects, and helping human decision-making through optimiza-
tion. DT-assisted service provisioning in MEC now becomes a
new frontier. Empowered by the DT technology, the network
state information can be efficiently monitored in real time and
resource allocation and optimization can be performed timely.
Therefore, there urgently needs developing new schemes and
algorithms for DT-enabled service provisioning in MEC net-
works.

As updating DT states incurs cost, the update (synchroniza-
tion) budget at each update round usually is fixed. This implies
that not all DT states of physical objects stored in cloudlets can
be updated at each update round. It thus is crucial to determine
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the DT states of which physical objects to be updated at each
update round in order to minimize the average DT state staleness
of all physical objects in the system.

In this paper, we consider a fundamental DT state synchro-
nization problem through an application example of deploying
a UAV for remote monitoring in a renewable sensor network,
where each sensor is powered by a solar panel and its data
generation is determined by its energy. We assume that there
is a DT of each sensor deployed in a cloudlet. When the data
collected by the sensor is uploaded at one update round, which
indicates the DT state of the sensor will be updated at that round.
We further assume that the update budget at each update round
is to dispatch an energy-limited UAV for data collection from
sensors, with the aim to minimize the average DT state staleness
of all objects for a finite time horizon, where the finite time
horizon can be divided into equal time slots. For the sake of
convenience, we assume that each UAV tour can be finished
within one time slot. However, the proposed algorithm is still
applicable if a UAV tour takes multiple time slots. In our rest
discussion, we abuse sensors and objects interchangeably unless
otherwise a confusion arises.

To minimize the average DT state staleness of all objects for
the given time horizon, there is a non-trivial tradeoff between
the DT state freshness of objects and the DT state update cost
of objects per update round. The freshness of DT states can
be improved by increasing the update budget per update round,
e.g., dispatching multiple instead of a single UAV to collect data
from sensors. Since the energy capacity on each UAV is limited,
a UAV can only collect data from some but not all sensors per
tour, this implies that different sensors may synchronize with
their DTs at different time points, i.e., the DT state staleness of
different sensors are different. Minimizing the average DT state
staleness of sensors for a given time horizon subject to the update
budget per update round is challenging, as the synchronization
cost of the DT of an object (a sensor) is determined not only
by the volume of data generated by the object but also by the
distances of the object from the rest of other objects whose
data to be collected in that UAV tour. In this paper, we will
answer the following questions: how long should a UAV hover
above a sensor for its data collection? what is the amount of
data generated by a sensor since its last data collection? at
which time slots should the sensory data of a sensor be collected
or synchronized with its DT? how to update the DT states of
sensors such that the average staleness of DT states of all sensors
is minimized under the given update budget? and what is the
relationship between the staleness of DT states and the fidelity
of a query result built upon the DT data?

The novelty of this paper lies in studying budget-constrained
synchronizations between DTs and their objects under a limited
update budget, through a real-world example – a UAV-enabled
data collection for a remote sensor network. We explore non-
trivial interactions (synchronizations) between physical objects
and their DTs in an MEC network to improve the average fresh-
ness of DT states of all objects. To the best of our knowledge, this
is the first budget-constrained state synchronization framework

between DTs and their corresponding objects, and the synchro-
nization algorithms based on the proposed framework has also
been proposed through an application example - the use of a
UAV for data collection of sensors.

The main contributions of this paper are presented as follows.
� We consider the state synchronization issue between DTs

and their physical objects in edge computing environments,
and formulate a novel DT state staleness minimization
problem over a finite time horizon, under a fixed budget
per update round.

� We propose an optimal algorithm for a special DT state
staleness minimization problem under a budget assumption
of exactly K objects synchronizing with their DTs per
update round.

� Motivated by the solution of this special problem, we
devise an efficient algorithm for the DT state staleness
minimization problem, through an illustrative example -
an energy-constrained UAV for data collection, and we
reduce the problem to the award collection maximization
problem, assuming that the volume of the update data of
each object since its last synchronization is given. Other-
wise, we develop a deep learning mechanism to predict the
volume of the update data of each object through analyzing
the historical traces of update data based on the DT data of
the object.

� To demonstrate the importance of reducing the stale-
ness of DT states, we consider fidelity-aware query ser-
vices in the DT-empowered MEC network, and develop
a cost-effective evaluation algorithm for such a query
evaluation.

� We evaluate the performance of the proposed algorithms
through simulations. Simulation results demonstrate that
the proposed algorithms are promising. Particularly, the
average DT state staleness by the proposed algorithms are
44.92% less than the baselines, and the query evaluation
cost is 19.42% less than the cost delivered by the baseline
algorithm.

The rest of the paper is organized as follows. Section II
summarizes the related work on DTs in an MEC network.
Section III introduces notions, notations, and problem defini-
tions. Section IV provides an optimal solution to a special DT
state staleness minimization problem, and Section V devises an
efficient algorithm for the problem. Built upon the DT tech-
nology, Section VI deals with fidelity-aware query services on
DT information, by developing a cost-effective evaluation plan
for each service query. Section VII evaluates the performance
of the proposed algorithms, and Section VIII concludes the
paper.

II. RELATED WORK

MEC has emerged as a promising paradigm for delay-
sensitive IoT applications [16], [17], [30]. Empowered by the DT
technology, MEC platforms can provide enhanced services for
various delay-aware IoT and AI applications [6], [9], [24], [26],
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[28]. For example, Dong et al. [6] focused on a deep learning-
based model training by mapping an MEC network to its DT
network, and proposed an efficient algorithm for the DT network
training, with the aim to minimize the training energy consump-
tion. Fan et al. [7] proposed a DT-empowered edge AI framework
to control vehicles with different automation levels, by adopting
deep reinforcement learning method. Lin et al. [24] devised
an incentive-based congestion control scheme to meet dynamic
service demands of DTs in an MEC network, by utilizing the
Lyapunov optimization technology. Lu et al. [26] developed a
federated learning algorithm based on the blockchain technique
to enhance data privacy and security in DT-assisted MEC net-
works. Li et al. [12], [13] considered delay-aware IoT services
in a DT-enabled MEC network and developed approximation
and online algorithms, by exploring fine trades-off between the
accuracy of DT services and service response delays. Zhang
et al. [42] focused on mobility-aware delay-sensitive service
provisioning in DT-empowered MEC networks by formulating
static and dynamic DT replica placement problems, and they
proposed efficient solutions to the problems. Zhang et al. [41]
studied the DT migration problem in an MEC network while
taking the mobility of objects into consideration, and developed
a DRL algorithm for the problem to minimize the total cost
of various resources. Zhang et al. [39] studied the DT-assisted
Federated Learning (FL) in MEC platforms. They proposed a
multi-FL service framework where the utility of FL services is
maximized by utilizing DT models to optimize the scheduling
of mobile devices and allocations of communication resources.
Zhang et al. [44] studied both DT placements and migrations
in MEC networks with the mobility assumption of both objects
and users, and devised efficient algorithms to minimize the cost
of DT update and user services.

There are studies focusing on optimizing service delays or
data freshness in a DT-enabled MEC network [3], [14], [15],
[18], [23], [27], [32], [34]. For example, Corneo et al. [3]
studied the problem of timely dissemination of sensor updates
to clouds that provide DT service for users with the aim to
minimize the age of information (AoI). They devised a novel
push-and-pull method of sensor information updating to strive
for a non-trivial tradeoff between the sensory data freshness and
the tolerable query delay. Sun et al. [32] utilized DTs to minimize
the offloading latency by leveraging the Lyapunov optimization
technique. Lu et al. [27] devised a deep learning-based algorithm
to cope with the mobility of mobile devices and migration of DTs
to minimize the average service delay. The study of this paper
is closely related to the AoI that is to minimize the average
duration of information from their generation to their usage in
diverse applications [2], [25], [35], [37], [40]. Since the AoI is
very sensitive to the transmission and processing delays of in-
formation since the generation of the information, most existing
studies on AoI are conducted in MEC platforms, due to the MEC
networks closer to the sources (sensory devices) of information
generation. For example, Liu et al. [25] studied the AoT problem
by developing an approximation algorithm for finding multiple
routing paths between a pair of source and destination nodes
in a network and showed that the problem is equivalent to
minimizing the maximum-delay routing path among the routing

paths. Bastopcu and Ulukus [2] considered an information up-
date system where a receiver requests updates from an informa-
tion provider to minimize the AoI, and the updates are generated
at the information provider by completing a set of collecting data
and performing computation tasks, subject to a minimum quality
(maximum allowed distortion) constraint on the updates. They
developed an efficient policy to achieve their optimization ob-
jective. Wang et al. [35] devised an offline scheduling algorithm
and an online learning algorithm for minimizing the average Age
of Critical Information (AoCI) of mobile clients. Xu et al. [37]
dealt with the AoI minimization for IoT Big Data applications,
and devised an online learning method for dynamic request
admissions. Zhang et al. [40] proposed an efficient algorithm
to minimize the average service delay while meeting content
freshness requirements, by striving for non-trivial trades-off
between the AoI and the service delay for timely content refresh-
ing. Zhang et al. [43] investigated AoI-aware inference service
provisioning in an MEC network by admitting Digital Twin Net-
work (DTN) slicing requests for sharing limited communication
and computing resources in MEC and proposed a framework
for DT and service model placements with guaranteed service
accuracy. They also devised efficient heuristics for DTN slicing
admissions while meeting AoI and accuracy requirements of
users. Vaezi et al. [33] investigated minimizing data request-
response delays of digital twin (DT) applications, subject to a
maximum data age target constraints at DTs and an application
server. Li et al. [11], [19] explored dynamic placements of
digital twins in MEC environments to enhance user service
satisfaction by proposing algorithms that consider the mobility
of objects by reducing the AoI of query services. Liang et al. [22]
addresses maximizing the state freshness of digital twins and
their inference service models in MEC networks and the updated
data are then used for training the service models. Li et al. [18]
considered how to maximize the fidelity gain of service models
while minimizing the total cost of various resource consumed
of DT synchronizations with their objects. Efficient algorithms
are then devised to jointly optimize the placements of digital
twins and service models. Although there are some similarities
between the average AoI of data generated by physical objects
and the average DT state staleness of physical objects, the DT
technology is more powerful and complicated, which not only
minimizes the average AoI of the DT states of physical objects
but also is able to utilize the DT states of physical objects to
activate or predict the behaviours of the physical objects in
future.

Most of the aforementioned studies on DT-assisted IoT ser-
vices in MEC networks focused on allocating limited MEC
resources to optimize the AoI of services. We here instead
consider the update budget on synchronizations between DTs
and their physical objects. To the best of our knowledge, we
are the very first to identify a fundamental problem - the
budget-constrained DT state synchronization problem in MEC
networks, by proposing a novel framework and algorithms. We
also propose effective evolution plans for fidelity-aware query
services through improving the freshness of DT states, using
a real-world example of a UAV-enabled data collection in a
renewable sensor network.

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on December 12,2024 at 01:07:45 UTC from IEEE Xplore.  Restrictions apply. 



168 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 24, NO. 1, JANUARY 2025

Fig. 1. An illustrative example of an MEC network and DT placements in cloudlets.

III. PRELIMINARIES

In this section we first introduce the system model, notions
and notations. We then define problems and show NP-hardness
of the defined problems.

A. System Model

Given an MEC network G = (N , E), N is the set of Access
Points (APs) and E is the set of links between APs. With each
AP, there is a co-located cloudlet that is connected with the
AP through a high speed optical fiber cable, and the com-
munication delay between the AP and its co-located cloudlet
can be ignored, and the AP and its co-located cloudlet can be
used interchangeably if no confusion arises. Users can make
use of query services provided by the MEC service provider
through issuing fidelity-aware queries on the DT data. The DTs
of different physical objects are deployed in cloudlets, and the
DT states of physical objects can be synchronized (updated) with
their physical objects at different update rounds.

In this paper, we study a general setting of DT state synchro-
nizations with their physical objects through a real application
scenario, where there is a renewable sensor network deployed in
a remote region. LetV be the set of sensors in the sensor network.
Each sensor vi ∈ V has a digital twin DTi in a cloudlet in an
MEC network G, which is a virtual mirror or modeling of the
sensor in cyber space, which contains all sensory data collected
from sensor vi in the past, including the volume of data collected
at previous update time slots. We term all collected data related to
the DT of a sensor to its last update as the DT state of the sensor.
We further assume that DTi of sensor vi stores all information
related to sensor vi so far. Also, the DTi can emulate or predict
the behaviours of sensor vi such as its data generation since last
data collection. To ensure that DTi can simulate the behaviour
of vi accurately, the state of DTi needs to be synchronized with
vi quite often, and any sensory data update of vi must be sent to
DTi accordingly.

An illustrative example of the proposed network is given in
Fig. 1, where the left side figure is a wireless sensor network
consisting of seven sensors, the right side figure is the MEC
network, and the DTs of sensors are placed in cloudlets with the

green color. Also, the UAV will upload its collected data per tour
at depot to the MEC network, and DTs of the sensors uploading
their update data will be updated accordingly.

B. Staleness of DT States

Let j1 be the last time slot that DTi synchronized with object
vi ∈ V , and let j2 be its next synchronization time slot with j2 >
j1. The update data generated by vi at time slot t′ (j1 ≤ t′ ≤ j2)
will be synchronized with DTi at time slot j2. Therefore, the
state staleness length of DTi at time slot t is t− t′ with t′ ≤ t ≤
j2, similar to the definition of the AoI [37]. The accumulative
staleness dvi

(t) of the state of DTi at time slot t then is

dvi
(t) =

t∑

t′=j1

(t− t′) =
(t− j1)(t− j1 + 1)

2
(1)

Let D(t) be the total staleness of DT states of all objects at
time slot t, then

D(t) =
∑

vi∈V
dvi

(t), (2)

where dvi
(t) is the accumulative number of time slots elapsed

from the last synchronization of DTi with object vi to time slot
t.

Let lvi
(t) be the number of time slots elapsed ofDTi of object

vi from its last state synchronization to time slot t, (2) can be
rewritten as follows.

D(t) =
∑

vi∈V
dvi

(t) =
∑

vi∈V

lvi
(t) · (lvi

(t) + 1)

2
(3)

Let F (t) be the accumulative staleness of DT states of all
objects from time slot one to time slot t, then

F (t) =

t∑

t′=1

D(t′) =
t∑

t′=1

|V |∑

i=1

lvi
(t′) · (lvi

(t′) + 1)

2
(4)

It can be seen that function F (t) is a strictly monotonic
increasing function due to the fact that F (t+ 1)− F (t) =
D(t+ 1) ≥ 0.
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For a given monitoring period T , to minimize the average
staleness of DT states of all objects in V at each time slot, the
optimization objective is to

minimize
F (T )

T · |V | (5)

Definition 1: Given an MEC network G = (N , E), a set V
of objects, a digital twin DTi of each object vi that is deployed
in a cloudlet of G, a given budget per update round (a UAV
with limited energy capacity is used to collect data from some
sensors), assume the update data of each object vi ∈ V since its
last uploading is stored at itself until to be uploaded in some
future time slot, and the update data of each object will be
uploaded to its DT and the DT state of the object is updated
accordingly. Given a finite time horizonT , the DT state staleness
minimization problem in G is to minimize the average DT state
staleness F (T )

|V |T of all objects in V that is defined in (5) for time
horizon T , subject to the update budget per time slot.

C. The Fidelity-Aware Query Evaluation Problem

Given an MEC network G = (N , E) and a set V of objects,
assume that each object vi ∈ V has a DTi placed in a cloudlet
of G. Built upon the DT data, we deal with fidelity-aware
query services provided by the service provider of G. Since
different objects have different DT states, the freshness on the
accumulative update data at their DTs are different too. Queries
on these DT data at different time slots will result in differential
fidelity of the query results. That is, some query results may have
high fidelity, while others may have low fidelity due to lack of
synchronizations between DTs and their objects for a while. We
here make use of the DT state information of objects to help
fidelity-aware query services in the MEC network.

Specifically, assuming that there is a query on a subset of
objects V ′ ⊆ V with specific requirements, such as the data
staleness on most DTs of objects in V ′ is no greater than δ
time slots. For example, a user u issues a query Q(t) to an AP
co-located with cloudlet nu at time slot t, which is expressed
by a tuple Q(t) = (V ′, δ, ϑ), where the update data from object
vi ∈ V ′ at DTi is fresh if its last synchronization with object
vi is no greater than δ time slots; otherwise, the data stored
at DTi is not fresh by the requirement of query Q(t). The set
V ′ of objects specified by query Q(t) can then be partitioned
into two disjoint subsets V ′>δ = {vi | vi ∈ V ′, lvi

(t) > δ} and
V ′≤δ = {vi | vi ∈ V ′, lvi

(t) ≤ δ}, where lvi
(t) is the staleness

length ofDTi from its last synchronization with object vi to time
slot t. The value |V ′≤δ|/|V ′| is referred to as the ratio of data
freshness of the query result, or the fidelity of a query result.
An evaluation plan for query Q(t) is feasible if the ratio of
data freshness of the query result is no less than its pre-defined
threshold ϑ, i.e., |V ′≤δ|/|V ′| ≥ ϑ.

As the DTs of different objects in V ′ are placed at different
cloudlets, the update data of these objects stored at their DTs will
be aggregated for various query services. Assume that the DT
data of different DTs in the same cloudlet will be aggregated
prior to sending their data to the source cloudlet nu ∈ N of
queryQ(t), we term this aggregated data of these DTs as a single

‘virtual’ DT in the cloudlet, i.e., if a cloudlet contains multiple
DTs of objects in V ′ for a query, it only sends the aggregation
result of the DT data to the source cloudlet once, while the source
cloudlet of a query is the cloudlet (the co-located AP) from which
the query is uploaded to the MEC network.

To find a cost-effective query evaluation plan for a query Q(t)
issued by a user u under the coverage of AP (or source cloudlet)
nu ∈ N at time slot t, it needs to find an evaluation tree Tu in
G(N , E) rooted at cloudletnu and spanning cloudlets containing
the DTs of objects in V ′ such that the evaluation cost C(Q(t))
is minimized, and C(Q(t)) is defined as follows

C(Q(t)) =
∑

(x,y)∈E(Tu)

ρ(x, y)D(Tu)(x, y)

+
∑

v∈V (Tu)

agg(Tu)(v), (6)

where ρ(x, y) is the transmission cost per unit data along link
(x, y) in G between cloudlets x and y,D(Tu)(x, y) is the volume
of data transferred on link (x, y) in the evaluation tree Tu,
agg(Tu)(v) is the processing cost of aggregating data from the
child nodes of node v in tree Tu, and V (Tu) is the set of nodes
andE(Tu) is the set of edges inTu, respectively. The cloudlets in
tree Tu participating in query evaluation of Q(t) consume their
computing resources. Assume that the tree node of cloudlet v
in Tu contains l children: u1, u2, . . . , ul. The processing cost
agg(Tu)(v) at cloudlet v in tree Tu is defined as follows.

agg(Tu)(v) =

ξ · g(D(Tu)(u1, v), D
(Tu)(u2, v), . . . , D

(Tu)(ul, v)), (7)

where ξ is the processing cost per unit data at a cloudlet,
D(Tu)(ul′ , v) is the volume of the aggregate data from sub-
tree Tul′ of Tu rooted at cloudlet ul′ with 1 ≤ l′ ≤ l. If
cloudlet v is a tree leaf, agg(Tu)(v) =

∑
vi∈V ′ {Dvi

| DTi

ofobject viisplacedatclouldletv}; otherwise agg(Tu)(v) is de-
fined in (7), and g(·, ·, . . . , ·) is an aggregate function that is
determined by queryQ(t), and the volume of the aggregate result
at a node usually is no more than the accumulative volume of
data from its children in Tu.

Definition 2: Given the DTs of objects in V deployed in
cloudlets of an MEC network G = (N , E), a user u issues a
fidelity-aware queryQ(t) = (V ′, δ, ϑ) from an APnu ∈ N with
V ′ ⊆ V at time slot t with 1 ≤ t ≤ T , the fidelity-aware query
evaluation problem of Q(t) in G is to determine whether there is
a feasible evaluation plan for Q(t) and find a feasible evaluation
plan for such that the evaluation costC(Q(t)) in (6) is minimized
if such a plan does exist.

D. A Real Application Scenario

In this paper, we make use of a real-world application ex-
ample to illustrate the DT state staleness concept, the DT state
synchronization framework and algorithms, and the use of DT
data for fidelity-aware query services in an MEC network G.

We assume that there is a remote sensor network for moni-
toring purpose. Let V be the set of sensors, and there is a DTi
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Fig. 2. The relationships among the six proposed algorithms in this paper.

deployed in a cloudlet of G for each sensor vi ∈ V . In the rest of
discussions, each sensor is an object, and sensors and objects can
be used interchangeably. The update budget per update round is
the energy capacity of an energy-limited UAV for data collection.
This implies that not every sensor’s sensory data can be collected
by the UAV at each update round (or each time slot) due to its
limited energy capacity EUAV . The UAV consumes energy on
hovering for collecting sensory data from sensors and traveling
above different sensors. Its total energy consumption per update
round is no greater than EUAV . For the sake of convenience, we
assume that the UAV travels at a constant speed ν, and let η1 and
η2 be its energy consumption costs on hovering and traveling per
unit time, respectively.

Let Th and Tt be the amounts of time that the UAV spends on
hovering and traveling at a tour, respectively, then we must have

η1 ∗ Th + η2 ∗ Tt ≤ EUAV . (8)

A sensor whose data is collected at an update round will be
uploaded to its DT in G in the end of that update round, and its
DT state will also be updated at that update round accordingly.

E. NP-Hardness of the Defined Problems

Theorem 1: The DT state staleness minimization problem in
an MEC network G = (N , E) is NP-hard.

Proof: We consider a special case of the problem when T =
1, in which case the problem is to synchronize as many objects as
possible with their DTs, by collecting their sensory data in one
tour of the UAV (the update budget). Since the energy capacity of
the UAV is limited, the amount of energy consumed by the UAV
at a sensor is determined by the volume of data generated by the
sensor since its last collection (or the synchronization with its
DT in the last round). To this end, it is to find a closed tour for
the UAV such that as many sensors as possible are included in
the tour, subject to the energy capacity on the UAV, assuming
that the UAV is in a depot s initially and will return to the depot
after the tour. It can be seen that the travelling salesman problem
(TSP) can be reduced to this special problem. It is well known
that the TSP is a classic NP-hard problem, the DT state staleness
minimization problem is NP-hard too. �

Theorem 2: The fidelity-aware query evaluation problem in
an MEC network G = (N , E) is NP-hard.

Proof: We consider a special case of the fidelity-aware query
evaluation problem where a query Q(t) = (V ′, δ, ϑ) has the
data volume of the DT of every sensor in V ′ of 1, and the
DTs of different sensors are deployed at different cloudlets.
We then construct a multicast tree for the query rooted at the
source cloudlet of the query such that its evaluation cost is
minimized. This is equivalent to constructing a Steiner tree in
an MEC network G = (N , E) spanning the source cloudlet and
all other cloudlets that contain the DTs of sensors in V ′. Since
the Steiner tree problem is a well known NP-hard problem, the
fidelity-aware query evaluation problem is NP-hard, too. �

In the rest of this paper, we develop six algorithms to tackle the
defined problems. The relationships among the six algorithms
are illustrated by Fig. 2, where Algorithm 1 is for a special
case of the DT state staleness minimization problem. Inspired
by the solution of Algorithm 1, Algorithm 2 is developed for
the DT state staleness minimization problem, assuming that
the amount of sensory data of each sensor at each time slot is
given. However, the volume of sensory data of each sensor is not
known, Algorithm 3 is designed to predict the amount of data
generated by each sensor at each time slot, and Algorithm 4
is devised for the DT state staleness minimization problem
with the assumption that the volume of sensory data generated
by each sensor is given. In addition to dealing with DT state
freshness, one potential application of DT state freshness - the
fidelity-aware query evaluation problem is considered, for which
Algorithm 5 finds a cost-effective evaluation plan for a query.
To examine whether the query evaluation plan meets the fidelity
requirement of its user, Algorithm 6 examines the feasibility of
the evaluation plan by invoking Algorithm 5.

For the sake of convenience, we list all symbols adopted in
this paper in Table I.

IV. OPTIMAL ALGORITHM FOR A SPECIAL DT STATE

STALENESS MINIMIZATION PROBLEM

Since the synchronization budget (a UAV tour for data col-
lection) at each time slot is given, this implies that not all DT
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TABLE I
TABLE OF SYMBOLS

states of sensors can be synchronized at each time slot. Then,
it is challenging to identify which sensors to be included in the
UAV tour to minimize the average DT staleness of all sensors.
We address the challenge by considering a special case of the
problem where exactly K sensors can synchronize with their
DTs at each time slot t. That is, each UAV tour can choose
K sensors for their data collection at each time slot t. Without
loss of generality, let vi1 , vi2 , . . . , vi|V | be the sequence of sorted
sensors in non-increasing order of their state staleness length at
time slot t, with lvi1

(t) ≥ lvi2
(t) ≥ · · · ≥ lvi|V |

(t). To minimize

the objective function F (T )
T ·|V | defined in formula (5), we choose

to update the DT states of the first K sorted sensors per time slot
t. We refer to this algorithm as Algorithm 1.

We claim that this will give an optimal solution to the special
DT state staleness minimization problem.

Theorem 3: Assuming that the DTs of sensors are stored in
cloudlets in an MEC network G = (N , E), the update budget is
that the DT states of the first K sorted sensors are synchronized
with their sensors at each time slot twith 1 ≤ t ≤ T . LetS(t) be
the top-K sensors with the longest staleness length at time slot t
delivered by the proposed algorithm, the solution

∑T
t=1 S(t)

delivered by Algorithm 1 for the special DT state staleness
minimization problem is optimal, where K ≤ |V |.

Algorithm 1: An Optimal Algorithm for the Special DT
State Staleness Minimization Problem.

Input: A set V of sensors with each sensor vi ∈ V having
a DTi in G = (N , E), a UAV with energy capacity located
at depot s, and K DTs of sensors can be synchronized at
each time slot t with 1 ≤ t ≤ T .

Output: A schedule S(t) of DT state synchronizations
between sensors and DTs at each time slot t such that
F (t) is minimized.

1: S(t)← ∅; /* the solution at time slot t */
2: Calculate the staleness length lvi

(t) of DTi of each
sensor vi ∈ V ;

3: Sort sensors in non-increasing order of their staleness
length;

4: return Set S(t) contains the first K sorted sensors at
time slot t.

Proof: We first show that the solution S(t) delivered by the
proposed algorithm at each time slot t is optimal by induction,
where K ≤ |V |. It can be seen that at time slot t = 1, the claim
is true. Assume that the claim is true for the first t− 1 time
slots, we now show that the claim is also true at time slot t by
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contradiction. Recall that the sorted sensor sequence is
v1, v2, . . . , v|V | in non-increasing order of their DT state stal-
eness length. Assume that the DT state updates of sensors
in the optimal solution S ′(t) at time slot t does not contain
all the first K sorted sensors, let vp be one of such a sensor
with p > K, and let vk be the first one among the K sorted
sensors that is not in the optimal solution with 1 ≤ k ≤ K.
Following the definition of function l, we have lp(t) ≤ lk(t),
another solution is obtained by replacing sensor vp in the op-
timal solution with sensor vk. The value difference between
the new solution S ′(t) ∪ {vk} \ {vp} and the optimal solution

S ′(t) is lp(t)·(lp(t)+1)
2 − lk(t)·(lk(t)+1)

2 ≤ 0, as lk(t) ≥ lp(t) by
the assumption. Thus, we can replace each sorted sensor in the
optimal solution whose index is not in {1, 2, . . . ,K} by another
sorted sensor whose index is in that range until all K sensors in
the final solution are the first K sorted sensors. It can be seen
that the final solution has the minimum value. This contradicts
that solution S ′(t) is optimal.

Let S(t) be the solution delivered by Algorithm 1 at time slot
t. We then show that the solution∪Tt=1S(t) is optimal by contra-
diction. Assume that the optimal solution to this special problem
is ∪Tt=1S

′(t), let l(S ′(t)) be the sum of the DT staleness lengths
of objects in the optimal solution at time slot t. We have shown
that l(S(t)) ≤ l(S′(t)). Thus,

∑T
t=1 l(S(t)) ≤

∑T
t=1 l(S

′(t)).
We claim that

∑T
t=1 l(S(t)) =

∑T
t=1 l(S

′(t)). Otherwise, this
contradicts the assumption that ∪Tt=1S

′(t) is the optimal solu-
tion. The theorem then follows. �

V. ALGORITHM FOR THE DT STATE STALENESS

MINIMIZATION PROBLEM

In this section, we deal with the DT state staleness mini-
mization problem. We first develop an efficient approximation
algorithm for a sub-problem of the problem. That is, given
the update budget per update round (per time slot), we find a
closed tour for the UAV such that the optimization objective
F (t) defined in (4) is minimized if the volume of data generated
by each sensor since its last data collection is given; otherwise
we develop a deep learning mechanism to predict the volume of
data generated by the sensor based on its accumulative DT data
in its DT. We then devise an efficient algorithm for the DT state
staleness minimization problem.

A. Approximation Algorithm With the Volume of Update Data
of Each Object Being Given

We consider a subproblem to minimize F (t), defined in (4),
at time slot t through finding a close tour for the UAV such
that as many sensors with longer DT state staleness length as
possible are included in the tour, i.e., the DT states of the chosen
sensors will be updated at time slot t. The basic idea is to reduce
this subproblem to the award collection maximization problem
in an auxiliary graph G(t). A closed tour in G(t) subject to
the tour length is found, which derives a feasible solution for
the subproblem. Before we proceed, we define the orienteering
problem and the award collection maximization problem as
follows.

Given an undirected graph G = (V,E;π, c) with π : V �→
Z+ and c : E �→ Z+, a source node s ∈ V , a destination t ∈ V ,
and a non-negative integer L > 0, the orienteering problem in
G is to find a path Ps,t from node s to node t such that the
total reward

∑
v∈Ps,t

π(v) collected from the nodes in Ps,t is
maximized, while the length

∑
e∈Ps,t

c(e) of path Ps,t is no
greater than L, i.e.,

∑
e∈Ps,t

c(e) ≤ L. The mentioned orien-
teering problem is NP-hard, and there is a 3-approximation
algorithm for it if the edge weights in G abide by the triangle
inequality, due to Bansal et al. [1].

Given the metric graphG = (V,E;π, c), a non-negative value
EUAV , and a specific node s ∈ V , the award collection maxi-
mization problem in G is to find a closed tour including node
s such that the total award collected from the nodes in the
closed tour is maximized, subject to that the tour length is upper
bounded by EUAV .

Having the above preparations, we now construct an auxiliary
graph G(t) = (V ∪ {s}, E(t); c(·, ·), π(·)) for the optimization
subproblem with the optimization objective defined in (4) as
follows.

The edge cost function c : E(t) �→ R≥0 and the node award
function π : V ∪ {s} �→ Z≥0 at each time slot t, node s is the
depot of the UAV. There is an edge in E(t) between any pair
of nodes in V ∪ {s}. For each edge (u, v) ∈ E(t), its weight
c(u, v) is defined as follows.

c(u, v) = η1 ·
Du(t) +Dv(t)

2B
+ η2 ·

dist(u, v)

ν
, (9)

where Du(t) and Dv(t) are the volumes of data generated by
sensors u and v since their last data collection, respectively,
and Ds(t) = 0 of depot s. B is the radio bandwidth of the
UAV, ν is the traveling speed of the UAV, dist(u, v) is the
euclidean distance between two sensors u and v, and η1 and
η2 are the amounts of energy consumed of the UAV on hovering
and travelling per time unit. Note that cost c(u, v) is the sum of
energy consumption costs of the UAV at hovering on sensors u
andv and travelling between them. Since edge (u, v) is contained
in the closed tour, let (u′, u) and (v′, v) be the edges incident to
nodes u and v in the closed tour respectively, then the energy
consumption of the UAV for collecting data from sensor u is
distributed to both edges (u′, u) and (u, v) with each a half the
amount of energy, and the energy consumption of the UAV for
collecting data from sensor v is distributed to both edges (v′, v)
and (u, v) with each a half as well.

We aim to find a closed tour in G(t) that includes depot s
and as many sensors as possible, as each sensor in the tour will
synchronize with its DT after the UAV finished the closed tour
at time slot t. Also, we expect the first K sorted sensors to be
included in the closed tour to minimize the average DT state
staleness of all sensors in the next update round. Thus, a sensor
with a longer DT state staleness length should be assigned a
larger award, i.e., each sensor node vi in G(t) is assigned the
amount of award π(vi), which is the accumulative staleness of
DTi since its last data collection until time slot t that is defined
as follows.

π(vi) =
lvi

(t) · (lvi
(t) + 1)

2
. (10)
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Algorithm 2: An Approximation Algorithm for Minimizing
F (t) With the Given Data Volume Assumption at Time Slot
t.

Input: A set V of sensors with each sensor vi ∈ V having
a DTi in an MEC network G = (N , E), and a UAV with
energy capacity EUAV located at depot s, the volume
Dvi

(t) of data generated by each sensor vi ∈ V from its
last data collection to time slot t is given with 1 ≤ t ≤ T .

Output: A schedule of DT state synchronizations between
sensors and their DTs at time slot t such that F (t) is
minimized with 1 ≤ t ≤ T .

1: S(t)← ∅; /* the solution at time slot t */
2: Calculate the staleness length of DTi of each sensor

vi ∈ V ;
3: Construct an auxiliary graph

G(t) = (V ∪ {s}, E ′(t); c(·, ·), π(·)), where the weight
c(u, v) of edge (u, v) is the energy consumption of the
UAV for hovering at sensors u and v and travelling
between them that is defined in (9), and π(vi)

(=
lvi (t)(lvi (t)+1)

2 ) is the award of node vi ∈ V that is
the accumulative staleness length of DTi from its last
synchronization to time slot t;

4: Find a closed tour C(t) in graph G(t) including depot s
with maximizing the total award collected from sensors
in the tour, by applying the approximation algorithm for
the award collection maximization problem due to Liang
et al. [21];

5: Collect data from sensors in C(t) by the UAV, and
synchronize the DT state of each sensor in C(t) after the
UAV uploaded all collected data at depot s;

6: return The synchronization schedule S(t)← C(t) at
time slot t.

It can be seen that π(vi) = dvi
(t), where dvi

(t) is the ac-
cumulative number of time slots elapsed of sensor vi from its
last data collection time slot to time slot t that is defined in (1),
and lvi

(t) is the number of time slots elapsed since its last data
collection until time slot t. It can be shown that auxiliary graph
G(t) is a metric graph and its edge weights meet the triangle
inequality.

The optimization subproblem with optimization objective
F (t), defined in (4), at time slot t now is reduced to the award
collection maximization problem in G(t), while the latter is to
find a closed tour C(t) in G(t) for the UAV including depot s so
that the total award collected by the UAV from sensors in C(t) is
maximized, subject to that the total energy consumption of the
UAV in the tour is no greater than its energy capacity EUAV . It
is well known that the award collection maximization problem
is NP-hard, and there is a constant approximation algorithm for
it due to Liang et al. [21].

The proposed approximation algorithm for the optimization
subporblem - minimizing F (t) defined in (4), is presented in
Algorithm 2.

Algorithm 3: Prediction Algorithm of the Volume of Data
Generated by Each Sensor vi ∈ V at Time Slot t.

Input: Historical data traces of sensor vi ∈ V before time
slot t′ and its corresponding trained LSTM stored at its
DTi in G = (N , E).

Output: Predict the volume D̂vi
(t) of data generated by

sensor vi from its last data collection to time slot t with
1 ≤ t ≤ T .

1: Let ζi(1), ζi(2), . . . , ζi(t′) be the sequence of the
volume of generated data of sensor vi at each time slot
before time slot t;

2: Feed ζi(1), ζi(2), . . . , ζi(t
′) into the LSTM of sensor vi

sequentially, and the predicted volume ζ̂i(t
′ + 1) of data

generated by sensor vi is then obtained;
3: D̂vi

(t)← ζ̂i(t
′ + 1);

4: for k ← t′ + 1 to t− 1 do
5: Obtain ζ̂i(k + 1) by feeding ζ̂i(k) into the LSTM of

sensor vi;
6: D̂vi

(t)← D̂vi
(t) + ζ̂i(k + 1);

7: return D̂vi
(t) for each sensor vi ∈ V at time slot t.

B. Predicting the Volume of Update Data of Each Object

In the construction of auxiliary graph G(t), we assumed that
the volume Dvi

(t) of data generated by each sensor vi ∈ V
is given. which in fact is unknown. We here adopt the Long
Short-Term Memory method (LSTM) [8] onDTi of each sensor
vi ∈ V to predict its update data volume Dvi

(t) by time slot
t, through analyzing its historical traces of data generated at
previous time slots. We observe that the volume of data generated
by sensor vi has strong temporal patterns at different time slots.
We thus make use of a deep neural network (DNN) for time
series data predictions [8].

Let ζi(t) be the volume of data generated by sensor vi at time
slot t. We use the DNN of each object vi ∈ V to work as a
non-linear function f(ζi(1), ζi(2), . . . , ζi(t)), and the output of
function f(·, ·, . . . , ·) is the predicted volume ζ̂i(t+ 1) of data
generated by sensor vi at time slot t+ 1.

For each sensor vi ∈ V , we first use its historical data volume
at each time slot to train the learn-able parameters of the DNN
of object vi. We then use the DNN to predict the volume of
data generated by the sensor at each later time slot. We finally
obtain the predicted volume D̂vi

(t) of sensor vi from its last
synchronization to time slot t, by adding up the volumes of data
generated at these time slots.

Let ζi(t) be the volume of data generated by sensor vi at
time slot t. Assume that we aim to predict Dvi

(t2) and let
t1 be the last time slot sensor vi was synchronized. We feed
ζi(1), ζi(2), . . . , ζi(t1) into the LSTM of sensor (object) vi
sequentially. The LSTM then outputs the predicted volume
ζ̂i(t1 + 1) of the data generated by sensor vi at time slot t1 + 1.
We then feed ζ̂i(t1 + 1) to the LSTM to obtain ζ̂i(t1 + 2), and so
on. This procedure continues until we obtain ζ̂i(t2). D̂vi

(t2) then
can be calculated, i.e., D̂vi

(t2) =
∑t2

t′=t1+1 ζ̂i(t
′). The detailed

algorithm is given in Algorithm 3.
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C. Algorithm for the DT State Staleness Minimization Problem

Inspired by the optimal solution to the special case of the
problem, the solution may contain top-K sorted sensors with
the largest DT staleness due to the fact that their DTs have not
been synchronized with them for a while. Meanwhile, the value
of K should be as large as possible, which implies that more
and more DT states of sensors can be updated per update round.
However, the K chosen sensors may be far away from each
other in their locations, implying that a closed tour including
all them may result in the total energy consumption of the
UAV larger than its energy capacity. In other words, the top K
sensors may not form a feasible solution to the problem. On the
other hand, if a sensor is included in the UAV tour, the volume
of data generated by the sensor since its last data collection
(synchronization) is unknown. The volume of the data however
is critical to determine the next UAV tour, as it will determine
the hovering duration of the UAV on the sensor and the amount
of energy consumed on its data collection.

In the following, we devise an efficient algorithm for the
problem, by incorporating the above two mentioned issues.
That is, the proposed algorithm should assign higher priorities
to sensors with larger staleness on their DT states, i.e., the
top K sensors should be assigned with higher priorities to
encourage their inclusions in the UAV tour with high probability.
Meanwhile, the proposed algorithm should have an effective
prediction mechanism to accurately predict the volume of data
generated by each sensor since its last data collection, and this
prediction result will be used for finding the next tour of the
UAV.

As the volume of update data of each object (sensor) in a UAV
tour is the predicted one, this predicted value may be larger
or smaller than the actual one. If the actual data volume of a
sensor is larger than its predicted one, the UAV only collects
the predicted amount of data, leaving the rest data uncollected;
otherwise (the actual volume is less than the predicted one),
the UAV stays above the sensor much longer than needed
for collecting data from that sensor, resulting in wasting the
UAV energy. To reduce unnecessary energy consumption of the
UAV and maximize data collection, we develop an adaptive
data collection strategy for tour C(t) of the UAV at time slot
t s follows. Let v0, v1, v2, . . . , vm−1 be sensors in tour C(t)
in their visiting order with v0 = s. The planed energy budget
Ê(vi, t) of the UAV when visiting sensor vi in C(t) is defined

as Ê(vi, t) =
∑i

j=0(η1 · D̂vj
(t)/B + η2 · dist(vj ,v(j+1) mod m)

sp )

with 0 ≤ i ≤ m− 1 and 1 ≤ m ≤ |V |, where D̂vi
(t) is the

predicted volume of data generated by sensor vi ∈ V since its
last data collection.

Assuming that the UAV is currently visiting sensor vi for its
data collection. If the UAV finishes the data collection before
its allocated time duration at vi, it moves to the next sensor
v(i+1) mod m for data collection; otherwise (the predicted vol-
ume of data is no larger than the actual volume of data of sensor
vi), if its actual energy consumption E(vi, t) so far is less than
its planned energy budget Ê(vi, t), it continues data collection
from sensor vi until reaching its planned energy budget Ê(vi, t)
or no more data can be collected from sensor vi. Its total energy
consumption is upper bounded by EUAV when it finishes the

Algorithm 4: Algorithm for the DT State Staleness Mini-
mization Problem.

Input: A set V of sensors with each vi ∈ V having a DTi

in G = (N , E), and a UAV with energy capacity EUAV

located at depot s.
Output: A schedule of DT state synchronizations between
sensors and their DTs at each time slot t with 1 ≤ t ≤ T .

1: Assume that Dvi
(1) of each sensor vi ∈ V is given;

2: t← 1; S ← ∅;
3: while t 
= T + 1 do
4: Calculate the staleness length lvi

(t) of DTi of each
sensor vi ∈ V ;

5: Construct an auxiliary graph
G(t) = (V ∪ {s}, E ′(t); c(·, ·), π(·));

6: Find a closed tour C(t) in G(t) by the approximation
algorithm, Algorithm 2. Let v0, v1, . . . , vm−1 be
sensors in C(t) with v0 = s;

7: Calculate the planned energy consumption budget
Ê(vi) of each sensor vi ∈ C(t);

8: for each vi ∈ C(t) do
9: Collect data from sensor vi in tour C(t) by the UAV;

10: if no more data can be collected from vi within its
allocated time duration then

11: The UAV moves to sensor v(i+1) mod m for data
collection;

12: else
13: The actual volume of data of vi is larger than the

predicted one, the UAV continues collecting data
from vi until reaching its planned energy budget
Ê(vi, t) or no more data can be collected from vi;

14: Reset the data collection duration at sensor vi ∈ C(t)
by the above adjustment;

15: Let C′(t) be the updated closed tour for the UAV with
the adjusted hovering time at each sensor in the tour;

16: The UAV uploads its collected data to the MEC
network G at depot s, and the DT states of sensors in
C′(t) are synchronized with their sensors;

17: S ← S ∪ {C′(t)};
18: Predict the volume D̂vi

(t+ 1) of data generated by
each sensor vi ∈ V on the LSTM of vi from its last
data collection to time slot t+ 1, by applying
Algorithm 3;

19: t← t+ 1;
20: return The synchronization schedule S from time slot 1

to time slot T .

tour, and the accumulative volume of uncollected data from
the sensors in the tour can be significantly reduced, which is
demonstrated in the later empirical analysis.

We now propose an efficient algorithm, Algorithm 4, for the
DT state staleness minimization problem as follows.

D. Algorithm Analysis

Lemma 1: Given the volume Dvi
(t) of update data of each

sensor vi with staleness length lvi
(t) of DTi since its last syn-

chronization, a UAV with energy capacity EUAV , the maximum
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award collection tour in the auxiliary graph G(t) of the UAV
including depot s corresponds to an optimal solution to the
optimization subproblem with minimizing F (t) in (4) at time
slot t with 1 ≤ t ≤ T .

Proof: If there is a maximum award collection tour inG(t) for
the UAV, the DT states of sensors in the tour will be synchronized
with their sensors in the end of time slot t, i.e., the total award
collected from sensors in the tour is the maximum one, which
is also the maximum reduction on the value of F (t) defined in
(4) at time slot t with 1 ≤ t ≤ T .

Now, assume that there is an optimal solution to the opti-
mization subproblem at time slot t. Then, the visiting order of
sensors by the UAV in this tour is given. A closed tour inG(t) can
then be derived from the visiting order of sensors, and the total
award collected from the sensors in the closed tour should not
be greater than the maximum one in the optimal solution to the
award collection maximization problem inG(t). It can be shown
that the total award collected from sensors in the closed tour
is the maximum one; otherwise, the value reduction of F (t)
equals the total award, which is not the maximum one. This
contradicts that the solution is optimal, implying the maximum
reduction of the value ofF (t) defined in (4) after the UAV tour.�

Theorem 4: There is a (1 + 2β
3 )-approximation algorithm

Algorithm 2, for the special optimization subproblem with op-
timization objective F (t) defined in (4), under the assumption
that the volume of data generated by each sensor since its last
data collection is given, where OPT (t) is the optimal value of
function F (t), A∗(t) is the maximum value of the accumulative
award collected by a UAV along an optimal closed tour, and
β = max{A∗(t)/OPT (t) | 1 ≤ t ≤ T} with β > 1.

Proof: Following Lemma 1, if there is an optimal solution to
the award collection maximization problem in G(t), there is an
optimal solution to the special optimization sub-problem at time
slot t.

Consider the construction of the auxiliary graph G(t). As-
sume that the closed tour C(t) delivered by Algorithm 2
consists of sensors vi0 , vi1 , . . . , vim−1 with m ≤ |V |, and
one of the nodes in C(t) is the depot s and Ds(t) =
0. The total amount of energy consumed of the UAV in

C(t) is
∑m−1

j=0 c(vij , vi(j+1) mod m
) (=

∑m−1
j=0 (η1 ·

Dvij
(t)

B +

η2 ·
dist(vij

,vi(j+1) mod m
)

sp )), where Dvij
(t) is the volume of

update data of sensor vij for collection at time slot t and B
is the bandwidth of the UAV for data collection at each sensor.
As the total energy consumption on tour C(t) is upper bounded
by EUAV , the energy capacity of the UAV will not be violated,
and the solution obtained is feasible.

The rest is to analyze the reduction on the accumulative
DT state staleness length F (t) of all sensors at time slot t.
Let OPT (t) be the optimal value of function F (t) and let
OPT (t) = F (t)−A∗(t). It can be seen that A∗(t) is the max-
imum (optimal) value of the accumulative award collected by
the UAV along an optimal closed tour in G(t). As the award
collection maximization problem in G(t) is NP-complete, there
is a 1

γ+1 -approximation algorithm for it when there is a given
1
γ -approximation algorithm for the orienteering problem [21],

where γ is a constant with γ ≥ 1. Considering the best ap-
proximation algorithm for the orienteering problem with an
approximation ratio of 1

2 so far [29], we have γ = 2. Thus,
there is a 1

3 -approximation algorithm for the award collection
maximization problem at time slot t. Following the approxima-
tion algorithm for the award collection maximization problem
in G(t), a 1

3 -approximate solution is delivered by approxima-
tion algorithm Algorithm 2. In other words, the value of the
approximate solution is no less than 1

3A
∗(t).

Let ρ be the ratio of the approximation algorithm for mini-
mizing F (t). We analyze ρ by distinguishing the following two
cases.

Case 1: If A∗(t) ≤ OPT (t), we have

ρ ≤
F (t)− 1

3A
∗(t)

OPT (t)
=

OPT (t) +A∗(t)− 1
3A
∗(t)

OPT (t)

=
OPT (t) + 2

3A
∗(t)

OPT (t)
= 1 +

2
3A
∗(t)

OPT (t)
≤ 5/3.

Case 2: Otherwise, let β = max{A∗(t)/OPT (t) | 1 ≤ t ≤
T}, clearly β > 1. We have

ρ ≤
F (t)− 1

3A
∗(t)

OPT (t)
=

OPT (t) +A∗(t)− 1
3A
∗(t)

OPT (t)

=
OPT (t) + 2

3A
∗(t)

OPT (t)
= 1 +

2
3A
∗(t)

OPT (t)

≤ 1 +
2β

3
, as β ≥ A∗(t)/OPT (t) by the assumption.

The theorem then follows. �
Theorem 5: There is an efficient algorithm Algorithm 4 for

the DT state staleness minimization problem in an MEC network
G = (N , E), and the solution delivered by the algorithm is
feasible.

Proof: The feasibility of the solution obtained by
Algorithm 4 can be shown exactly as we did for Theorem 4,
i.e., the total energy consumption of the UAV per tour is upper
bounded by EUAV if we adopt the adaptive strategy of data
collection for prediction error corrections.

Since the UAV tour at time slot t is based on the prediction
of the volume of data generated by each sensor since its last
data collection, such a prediction may not be 100% accurate and
the prediction error is unavoidable, this implies that the actual
volumes of data generated of some sensors may be larger or
smaller than their predicted ones. In Algorithm 4, we adopt an
adaptive strategy of data collection to mitigate the prediction
errors, and show that the total energy consumption of the UAV
per update round (per time slot) is no greater than its energy
capacity EUAV . Thus, the solution delivered by Algorithm 4
is feasible, and the accumulative volume of uncollected data is
significantly reduced in comparison with the case without adopt-
ing the adaptive strategy of data collection in later empirical
evaluations. The solution thus is feasible. �

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on December 12,2024 at 01:07:45 UTC from IEEE Xplore.  Restrictions apply. 



176 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 24, NO. 1, JANUARY 2025

VI. FIDELITY-AWARE QUERY SERVICES ON DT DATA

To demonstrate the critical impact of the staleness of DT
states on the fidelity of query results, in this section, we con-
sider fidelity-aware query evaluation on the DT data in G, by
developing a cost-effective evaluation plan for fidelity-aware
queries.

A. Evaluation Trees for Fidelity-Aware Queries

Recall that query Q(t) = (V ′, δ, ϑ) is issued by user u from
AP nu at time slot t. Assume that the query result of Q(t) will
be returned to cloudlet nu as well. As the DTs of sensors in V ′

are placed in different cloudlets, the collected data from these
sensors stored at their DTs will be aggregated for the query
evaluation.

To minimize the evaluation cost of query Q(t), we will find
a query evaluation tree Tu rooted at cloudlet nu and spanning
all cloudlets that contain the DTs of sensors in V ′ such that the
evaluation costC(Q(t)) is minimized. In the following we detail
the construction of tree Tu. Let N′ be the set of cloudlets that
contain the DTs of sensors in V ′ of Q(t). We further assume
that cloudlets in N′ are sorted in non-increasing order of the
accumulative volume of DT data of sensors in V ′ in them.
Let nc1 , nc2 , . . . , nc|N ′| be the sorted cloudlet sequence, where
cloudlet nc1 contains the largest accumulative volume of DT
data of sensors in V ′, while cloudlet nc|N ′| contains the least
accumulative volume of DT data of sensors in V ′, respectively.

The query evaluation tree Tu for Q(t) is constructed greedily.
Within each iteration, a cloudlet in N′ with the minimum eval-
uation cost gain (which will be defined later) will be added to
Tu. This procedure continues until all cloudlets inN′ are added
to Tu. The construction of Tu is obtained through constructing
a series of partial evaluation trees T (u, k) that spans k cloudlets
in N′ with the root at cloudlet nu ∈ N .

When k = 1, the partial evaluation tree T (u, 1) is a shortest
path P1 in G(N , E) between cloudlet nc1 and cloudlet nu,
where each edge (vi, vi+1) ∈ P1 with v1 = nc1 , v|P1|+1 = nu,
and vi+1 is the parent of vi in the partial evaluation tree.
The accumulative volume of data on edge (vi, vi+1) ∈ P1 is
agg(T (u,1))(vi) = Dc1 , which is the accumulated volume of DT
data of sensors inV ′ stored at cloudletnc1 , where agg(T (u,1))(v)
is an aggregate function related to query Q(t) at node v in
tree T (u, 1). The communication cost of tree edge (vi, vi+1)
is ρ(vi, vi+1) · agg(T (u,1))(vi), where ρ(vi, vi+1) is the com-
munication cost of one unit data transfer on edge (vi, vi+1).

Assuming that treeT (u, k − 1)has been constructed withk >
1, we now construct T (u, k) by adding a cloudlet nci ∈ N ′ to it
with the minimum evluation cost gainΔ(T (u, k − 1), nci , ncj ),
wherencj is the tree node connecting cloudletnci ∈ N ′ through
a shortest path Pk(nci , ncj ) in G \ T (u, k − 1) that has not been
contained in T (u, k − 1) yet.

Let PT
k (ncj , nu) be the tree path in T (u, k − 1) between

cloudlet ncj and cloudlet nu. For the volume of data to be
routed along a routing path from nci to nu, the routing path
can be further divided into two segments Pk(nci , ncj ) from nci

to ncj and PT
k (ncj , nu) in tree T (u, k − 1) from ncj to nu,

respectively. The data volume on each edge in Pk(nci , ncj ) is

Dci , while the data volume on each edge in PT
k (ncj , nu) is the

aggregate result of the volume Dci with other existing ones in
T (u, k − 1). The evaluation cost gain Δ(T (u, k − 1), nci , ncj )
of T (u, k) by adding a shortest path from cloudlet nci to a tree
node ncj is defined as

Δ(T (u, k − 1), nci , ncj )

=

y=p(x)∑

(x,y)∈PT
k (nci

,nu)

(ρ(x, y)D(T (u,k))(x, y) + agg(T (u,k))(y))

−
y=p(x)∑

(x,y)∈PT
k−1(ncj

,nu)

(ρ(x, y)D(T (u,k−1))(x, y)

+ agg(T (u,k−1))(y))

=

y=p(x)∑

(x,y)∈Pk(nci
,ncj

)

(ρ(x, y)D(T (u,k))(x, y) + agg(T (u,k))(y))

+

y=p(x)∑

(x,y)∈PT
k (ncj

,nu)

(ρ(x, y)D(T (u,k))(x, y) + agg(T (u,k))(y))

−
y=p(x)∑

(x,y)∈PT
k−1(ncj

,nu)

(ρ(x, y)D(T (u,k−1))(x, y)

+ agg(T (u,k−1))(y)), (11)

where PT
k−1(ncj , nu) is the tree path in T (u, k − 1), y = p(x)

implies that node y is the parent of node x in the tree. Func-
tion agg(T (u,k))(y) at node y ∈ PT

k (ncj , nu) in tree T (u, k)
now adds one more data volume Dci from cloudlet nci for
aggregation in addition to the original ones from its children in
T (u, k − 1). The valueD(T (u,k))(x, y) of edge (x, y) inT (u, k)
is the accumulative volume of data transferred fromx to y, which
is no less than its value in tree T (u, k − 1) and determined by
aggregate function g(·).

The construction of query evaluation tree Tu for Q(t) pro-
ceeds as follows. It contains only cloudlet nu as its root initially.
Cloudlet nc1 is then added to Tu, i.e., tree T (u, 1) is built. Each
other cloudlet nci ∈ N ′ \ {nc1} is then added to Tu iteratively.
In iteration k with 2 ≤ k ≤ |N ′|, a cloudlet nci0

∈ N ′ with the
minimum evaluation cost gain in (11) is added to the partial
evaluation tree T (u, k − 1) until all cloudlets in N′ are added.
The detailed algorithm for the construction of query evaluation
tree Tu for Q(t) is presented in Algorithm 5.

B. Algorithm for Fidelity-Aware Query Evaluation

Having query evaluation tree Tu for query Q(t) of user u
issued at time slot t, the rest is to examine whether the evaluation
plan Tu is feasible, by collecting the DT information of sensors
in V ′ and forwarding the information to cloudlet nu along tree
paths of Tu. The proposed algorithm for the fidelity-aware query
evaluation problem is given in Algorithm 6.
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Algorithm 5: The Construction of a Query Evaluation
Tree Tu for Q(t) Rooted at Cloudlet nu ∈ N in MEC
G = (N , E).

Input: An MEC network G = (N , C) and a query
Q(t) = (V ′, δ, ϑ), assuming cloudlets that contain the
DTs of sensors in V ′ are sorted as nci , nc2 , . . . , nc|N ′| in
non-increasing order of the data volume of DTs, where
cloudlet nci has a data volume Dci , with
Dc1 ≥ Dc2 ≥ · · · ≥ Dc|N ′| , 1 ≤ ci ≤ |N | and
1 ≤ i ≤ |N |.

Output: A query evaluation tree Tu rooted at nu and
spanning all cloudlets containing the DTs of sensors in V ′

such that the evaluation cost C(Q(t)) is minimized.
1: C(Q(t))←∞; /* the solution cost*/
2: Tu ← ∅; /* the query evaluation tree */
3: N′ ← {nc1 , nc2 , . . . , nc|N ′|};
4: Find a shortest path P1 in G(N , E) from nc1 to nu;
5: Tu ← P1; k ← 1; N′ ← N ′ \ {nu}; T (u, 1)← P1;
6: while N′ 
= ∅ do
7: k ← k + 1;
8: Construct the partial evaluation tree T (u, k) from tree

T (u, k − 1);
9: for each nci ∈ N ′ do

10: for each ncj ∈ Tu do
11: Find a shortest path Pk(nci , ncj ) in

G \ T (u, k − 1) between cloudlets nci and ncj ;
12: Compute the costs of segments Pk(nci , ncj ) and

PT
k (ncj , nu) of PT

k (nci , nu);
13: Construct a potential partial evaluation tree

T (u, k)← T (u, k − 1) ∪ Pk(nci , ncj ), by
connecting cloudlet nci to tree T (u, k − 1)
through the tree node ncj with a shortest path
Pk(nci , ncj );

14: Calculate Δ(T (u, k − 1), nci , ncj ) by (11);
15: i0, j0 ← argminnci

∈N ′, ncj
∈T (u,k−1) Δ(T (u, k −

1), nci , ncj );
16: T (u, k)← T (u, k − 1) ∪ Pk(nci0

, ncj0); /* adding
cloudlet node nci0

to the multicast tree */
17: N′ ← N ′ \ {nci0

};
18: Tu ← T (u, k);
19: C(Q(t))← C(Tu);
20: return Solution Tu with evaluation cost C(Tu).

C. Algorithm Analysis

Theorem 6: Given an MEC network G = (N , E), a set V of
objects, the DTs of objects (sensors) are placed in cloudlets of
G, a user u who issues a fidelity-aware query Q(t) = (V ′, δ, ϑ)
under the coverage of AP nu ∈ N , there is a query evaluation
algorithm, Algorithm 6, for the fidelity-aware query evaluation
problem of Q(t) in G, which delivers a feasible evaluation plan
if the plan does exist, and the algorithm takes O(|E|2 · |N |2 ·
log |N |) time.

Proof: It can be seen that if the query evaluation plan is
feasible, the solution delivered by Algorithm 6 is feasible.

Algorithm 6: Algorithm for Fidelity-Aware Query Evalua-
tion.

Input: An MEC network G(N , E) and a query
Q(t) = (V ′, δ, ϑ) issued by user u under the coverage of
AP nu at time slot t with 1 ≤ t ≤ T , assuming that
cloudlets containing the DTs of sensors in V ′ are sorted as
nci , nc2 , . . . , nc|N ′| in non-increasing order of the
accumulative volume of DT data in them, i.e., each
cloudlet nci has a data volume Dci , with
Dc1 ≥ Dc2 ≥ · · · ≥ Dc|N ′| , where 1 ≤ ci ≤ |N ′| and
1 ≤ i ≤ |N |.
Output: A query evaluation tree Tu for Q(t) rooted at
nu and spanning cloudlets inN′ such that the evaluation
cost C(Q(t)) is minimized.

1: Find a cost-effective query evaluation tree Tu for Q(t),
by invoking Algorithm 5;

2: Aggregate DT data by the aggregate function agg(·) for
Q(t) at each cloudlet in Tu from leaves to root nu;

3: Identify the subset V ′≤δ of set V ′ at cloudlet nu;
4: if |V ′≤δ|/|V ′| ≥ ϑ then
5: A cost-effective feasible evaluation plan Tu is obtained
6: else
7: No solution can meet the query requirement; EXIT.

The rest is to analyze the time complexity of the evalua-
tion algorithm. The dominant time complexity in Algorithm 6
is the construction of a query evaluation tree Tu for Q(t),
which consists of |N ′| iterations (with |N ′| ≤ N | and N′ is
the set of cloudlets containing the DTs of sensors in V ′).
Within each iteration, it finds a shortest path in G that takes
O(|N | · |E| · log |N |) time. Thus, the construction of tree Tu

takes O(|E| · |N |2 · log |N |) time. The determination whether
tree Tu is feasible for fidelity-aware queryQ(t) = (V ′, δ, ϑ) can
be done withinO(|N |) time, by collecting the DT state informa-
tion of sensors in V ′ and aggregating the data at tree nodes. The
query evaluation algorithm thus takes O(|E| · |N |2 · log |N |)
time. �

VII. PERFORMANCE EVALUATION

In this section, we evaluated the proposed algorithms for the
DT state staleness minimization problem in an MEC network
through simulations, using a real dataset. We also investigated
the impacts of important parameters on the performance of the
proposed algorithms.

A. Experimental Settings

We considered 500 objects (sensors) randomly deployed in a
circular area with a 500 meter radius and a depot s located at
the center of the area. A UAV is deployed at depot s initially.
For the special DT state staleness minimization problem, we
assumed that the synchronization budget isK = 100 sensors per
UAV tour. For the DT state staleness minimization problem, the
UAV has energy capacity E = 3× 105 joules at constant flying
speed ν = 10m/s. The energy consumption rates of the UAV
on hovering and traveling are η1 = 150 J/s and η2 = 100 J/s,
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respectively [20], and the data transmission rate from objects
to the UAV is 1 Mbps [38]. The monitoring period consists of
1,000 equal time slots. In our simulations, we adopt a real-world
dataset: the California traffic usage dataset collected from 17,544
sensors on freeways in San Francisco Bay area [10]. Each data
point in the dataset is a time series of hourly recorded road
occupy rates (between 0 and 1).

To evaluate the performance of the proposed algorithms, we
used the road occupy rate data to simulate the volume of data
generated by each sensor. We assumed that a sensor can generate
at most [5, 10] MB data per time slot [38]. For each sensor, we
selected a time series in the California traffic usage dataset and
map the road occupy rate (between 0 and 1) to the generated
data volume (between 0 and 10 MB). The data collected by the
UAV is sent to the DTs of objects (sensors), where the DTs of
objects (sensors) are randomly deployed to cloudlets in an MEC
network that consists of 20 APs, and each AP has a co-located
cloudlet.

The MEC network is generated by GT-ITM [16]. Users at
different locations issue fidelity-aware queries to DTs randomly,
and each query requests 4-8 different DTs [16]. The fidelity
threshold ratio ϑ is set at 0.8, the threshold δ is set at 1, and
the aggregation function g(·) is randomly chosen from a fam-
ily of aggregation functions, e.g., {sum, average, max,
min} [16]. The transmission cost per MB along an edge in G
between two APs is randomly drawn from $0.1 to $0.4, and the
processing cost per MB data in a cloudlet is randomly drawn
from $0.04 to $0.06 [16].

To evaluate the performance of Algorithm 1 for the special
case of the problem by choosing top-K sensors, we proposed a
baseline algorithm Random that randomly chooses K sensors
to synchronize with their DTs at each time slot.

To evaluate the performance of Algorithm 4, we adopted two
heuristics as follows. (a) HeuristicHeur proceeds as follows. At
each time slot t, it first sorts sensors in descending order of their
staleness. it then constructs a closed tour for the UAV greedily.
Specifically, the tour contains only depot s initially. The sorted
sensors are then added to the tour one by one. A sensor is added
to the tour only if the energy consumption of tge tour so far
does not exceed the energy capacity of the UAV; otherwise the
next sorted sensor is examined. This procedure continues until
all sorted sensors are considered. (b) Heuristic MRE-S in [31]
proceeds greedily too. The UAV tour is constructed by adding
sensors one by one, and the initial tour contains only the depot
s . It then selects a sensor with the largest ratio of staleness to
the incremental energy cost of adding the sensor. This procedure
continues until no more sensors can be added, due to insufficient
energy left by the UAV.

To evaluate the adaptive strategy of data collection for the DT
state staleness minimization problem, a variant of Algorithm 4
without adopting the policy is also considered, referred to as
NoPolicy, in which the UAV strictly follows the tour delivered
by Algorithm 2, using the predicated data, i.e., line 10–13 in
Algorithm 4 are ignored.

To study the performance of the proposed algorithms for the
(special) DT state staleness minimization problem, we refer to
Algorithms 2 and 4 as Actual and Pred with and without the

Fig. 3. Performance of different algorithms for the special DT state staleness
minimization problem by varying the number of objects.

Fig. 4. Performance of different algorithms for the DT state staleness mini-
mization problem by varying the number of objects.

prediction on the volume of the update data generated by each
sensor since the last DT synchronization.

The value in each figure is the mean of the results out of 50
network instances with the same size, and the running times of
the algorithms are based on a machine with 3.6 GHz Intel i7
single-core CPU and 16 GB RAM. Unless otherwise specified,
the parameters are adopted in the default setting.

B. Performance Evaluation of Different Algorithms for the DT
State Staleness Minimization Problem

We first investigated the performance of different algorithms
for the special DT state staleness minimization problem by
varying the number of objects from 400 to 600. We can see
from Fig. 3(a) that Algorithm 1 delivers a solution with a lower
average DT state staleness than that of algorithm Random, and
Fig. 3(b) illustrates their running time.

We then studied the performance of different algorithms for
the DT state staleness minimization problem, by varying the
number of sensors from 400 to 600. Fig. 4(a) illustrates the
average staleness curves delivered by different algorithms. It
can be seen that the average DT state staleness length delivered
by Pred is much smaller than that by algorithm Heur and
MRE-S. Specifically, when there are 500 sensors, the average
DT state staleness length delivered by Pred is 0.34, which
is approximately 44.92% less than that by MRE-S. With the
increase on network size, the DT state staleness gap between
Pred and algorithm MRE-S enlarges, indicating that Pred
utilizes the UAV energy efficiently. In addition, even if the
volume of data generated by each sensor is given, Actual
only reduces the average DT state staleness among all objects
(sensors) by 15.30% compared with Pred when there are 500
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Fig. 5. Performance of different algorithms for the special DT state staleness
minimization problem by varying the number K of synchronization objects.

Fig. 6. Performance of different algorithms for the DT state staleness mini-
mization problem, by varying the energy capacity EUAV of the UAV.

objects. This demonstrates the effectiveness of the proposed pre-
diction algorithm. Moreover, algorithm NoPolicy increases
the average DT state staleness by 70.84% compared with Pred.
The rationale behind is that the UAV wastes more energy on
hovering above sensors even if the data collection from sensors
has been finished by algorithm NoPolicy.

C. The Impact of Parameters on the Performance
of Different Algorithms

We first investigated the impact of parameter K on the perfor-
mance of different algorithms for the special DT state staleness
minimization problem, by varying its value from 25 to 200.
It can be seen from Fig. 5(a) that with the increase of K, the
average DT state staleness in the solutions delivered by both
algorithms decreases, since more DTs can be synchronized with
their objects. With the increase of K, the gap of the average DT
state staleness between the two comparison algorithms becomes
smaller. Fig. 5(b) plots the running time curves of the two
mentioned algorithms.

We then evaluated the impacts of parameters EUAV and B
on the performance of the proposed algorithms for the DT state
staleness minimization problem, by varying EUAV from 2× 105

to 4× 105 Joules. Fig. 6(a) presents the impact of the energy
capacity EUAV on the average DT state staleness. It is noted that
the DT state staleness reduces with the growth on the energy
capacity, as the UAV can visit more sensors and the visited
sensors can synchronize with their DTs per update round. It can
also be seen that Pred is superior to algorithms MRE-S, Heur
and NoPolicy, respectively. The difference of the DT state
staleness between the comparison algorithms becomes smaller
when the UAV has a larger energy capacity, and the UAV is more
tolerant to inaccurate predictions on the volume of update data

Fig. 7. Performance of different algorithms for the DT state staleness mini-
mization problem by varying the uploading data rate B.

Fig. 8. The percentage of feasible evaluation plans for 1,000 queries randomly
generated by varying δ and ϑ, respectively.

of objects (sensors) when the UAV has a large energy capacity.
Fig. 6(b) plots the running time curves of the four comparison
algorithms, which shows that Pred requires a shorter running
time than MRE-S.

We finally studied the impact of the uploading data rate B of
objects by varying the value of B from 0.8 Mbps to 1.2 Mbps.
Fig. 7(a) shows that the average DT state staleness curves in
the solutions delivered by all algorithms, the average DT state
staleness decreases with the increase on the data rate of the UAV.
This is due to the fact that the growth on the uploading data rate
leads to less hovering time above sensors, and thus more sensors
can be visited by the UAV per tour. When the uploading data rate
is set at 0.8 Mbps, the average DT state staleness in the solution
by algorithm Heur is 8.12, which is approximately 54.67%
more than that by Pred. Fig. 7(b) describes the running time
curves of different algorithms. Although Pred takes a longer
running time than that of algorithm Heur, the average DT state
staleness in its solution is much shorter than that by Heur.

D. Performance of Fidelity-Aware Query Services

To evaluate the efficiency of Algorithm 6, we constructed
another evaluation tree, which is a minimum spanning tree
rooted at source cloudlet nu ∈ N initially. We then removed the
leaves from the tree that do not contain the DTs of sensors in V ′

continuously until all leaves in the resulting tree are cloudlets that
contain the DTs of sensors in V ′. Denote by MST the resulting
query evaluation tree for query Q(t) of user u.

We first evaluated a fidelity-aware query by setting the value
of δ as 0, 1, 2, 3, and 4, respectively, and for each value of δ, we
randomly generate 1,000 queries and then examined the number
of feasible evaluation plans among the generated queries. As
shown in Fig. 8(a), the percentage of feasible evaluation plans
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Fig. 9. Performance of different algorithms for the fidelity-aware query eval-
uation problem by varying network size |N |.

Fig. 10. Performance of different algorithms for the fidelity-aware query
evaluation problem by varying the number |V ′| of querying sensors.

for queries increases with the growth on the value of δ. The
rationale behind is that more DTs can meet specified fidelity
requirements of the queries when δ is large. When δ equals
0, the queried DTs must be synchronized with their objects at
the current time slot, only 5.97% evaluation plans among 1,000
query plans are feasible. The percentage of feasible evaluation
plans can reach 99.32% when δ is set as 4.

We then studied the impact of the data fresh fidelity parameter
ϑ on the query result for a query, by increasing its value from 0.2
to 1.0. It can be seen from Fig. 8(b) the percentage of feasible
evaluation plans becomes decreasing with the increase on the
value of ϑ. The reason is that fewer numbers of DTs involving a
query can meet the data fresh fidelity requirement of the query.

We finally investigated the impacts of parameters: the net-
work size |N |, the number |V ′| of sensors per query, and the
computing cost per unit data ξ, on the query evaluation cost for
each fidelity-aware query. The result in the following figures is
the mean of the results of 1,000 feasible queries.

We evaluated the impact of network size |N | by varying its
value from 10 to 50. It can be seen from Fig. 9(a) that the query
evaluation cost increases with the growth of network size. This
can be justified by the growth on the DT data transmission cost
in the MEC network. The query evaluation cost by algorithm
MST is much higher than that by Algorithm 6, and the query
evaluation tree delivered by the algorithm does not lead to the
minimum transmission cost of DT data. Fig. 9(b) depicts the
running time curves of different algorithms.

We investigated the impact of the number |V ′| of sensors
requested per query, by varying its value range from [1, 5] to
[7, 11]. Fig. 10(a) shows that the query evaluation cost increases
with the growth of |V ′|. This is due to the additional computing
and DT data transmission costs incurred by requesting the DT

Fig. 11. Performance of different algorithms for the fidelity-aware query
evaluation problem, by varying the processing cost per unit data ξ.

data of more sensors. Fig. 10(b) depicts the running time curves
of the comparison algorithms. It can be seen that the running
time of Algorithm 6 increases when more cloudlets are added to
the partial evaluation tree, while the running time of algorithm
MST does not change too much.

We also studied the impact of the processing cost per unit data
ξ by varying its value range from [$0.02, $0.04] to [$0.06, $0.08].
Fig. 11(a) depicts that the query evaluation trees delivered by
the both algorithms have higher evaluation costs. When the
processing cost per unit data is drawn from [$0.06, $0.08], the
cost of the query evaluation tree delivered by Algorithm 6 is
24.01% higher than that by itself when the processing cost per
unit data is drawn from [$0.02, $0.04]. The running time curves
of the two algorithms in Fig. 11(b) indicate that they do not have
much changes with the growth of the processing cost.

VIII. CONCLUSION

In this paper, we considered the budget-constrained DT state
synchronization issue between DTs and their physical objects
(sensors) in an MEC network. We proposed a novel DT syn-
chronization framework through a real application example to
demonstrate how to make use of the freshness of DT states for
fidelity-aware query services. Specifically, we first formulated
a novel DT state staleness minimization problem and showed
its NP-hardness. We then proposed an optimal solution to a
special case of the problem where exactly K DT states are
synchronized with their objects per update round. Inspired by
the solution of this special problem, we also developed an
efficient algorithm for the problem by reducing it to the award
collection maximization problem, assuming that the volume of
the update data of each object since its last synchronization
is given. Otherwise, we predicted the volume of the update
data of each object by adopting the LSTM method to analyze
historical traces of the update data on its DT data. Also, to
demonstrate the importance of the DT state staleness of objects,
we studied fidelity-aware query services built upon on the DT
data, by proposing a cost-effective evaluation algorithm for such
query evaluations. Finally, we evaluated the performance of the
proposed algorithms through simulations. The simulation results
showed that the proposed algorithms are promising. Particularly
the average DT state staleness by the proposed algorithms is
44.92% less than the baselines, and the query evaluation cost is
19.42% less than the cost delivered by the baseline algorithm.
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