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Abstract—Accurate and efficient digital twin construction
through real-time multi-attribute sensing and remote concur-
rent data analysis is essential in supporting complex connected
industrial applications. Given the unsynchronized nature and
heterogeneous sampling rates of distributed sensing processes,
the varying time misalignment among different attributes will
inevitably deteriorate the remote correlation analysis and digi-
tal twin construction. Furthermore, application-agnostic digital
twin construction approaches could potentially involve high com-
munication and computation overhead for comprehensive digital
twin construction. In this article, a concurrent end-to-end time
synchronization and multi-attribute data resampling scheme is
proposed to enable accurate and efficient digital twin construc-
tion at the remote end. Specifically, digital clocks are concurrently
established at the remote end, with each of them associated
with a sampling rate of a unique sensing attribute. To tackle
the temporal misalignment among multiple sensing attributes,
raw data are accurately resampled according to the same refer-
ence frequency, with attribute-specific synchronized digital clocks
providing cohesively aligned time information. An edge-centric
platform is established to efficiently guide the multidimensional
data processing during digital twin construction. Simulation
results demonstrate that the proposed scheme can achieve more
accurate and efficient digital twin construction than existing
modeling methods. In the end, the digital twin-driven predictive
maintenance is presented as a case study, aiming at illustrating
the potential applications and benefits expected of the proposed
scheme in industrial environments.

Index Terms—Data resampling, digital twin, edge comput-
ing, Industrial Internet of Things (IIoT), predictive maintenance,
system identification, time synchronization.

I. INTRODUCTION

THE PAST few years have witnessed the unprece-
dented evolution and massive deployment of information

and communication technologies (ICTs), particularly 5G,
machine learning, and artificial intelligence [1], [2]. Thanks
to these expeditious technological advancements, digital
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transformation of vertical industries (e.g., manufacturing [3]
and production [4]) now becomes inevitable, leading to vari-
ous emerging paradigms, like Industry 4.0 [5], digital twin [6],
and Industrial Internet of Things (IIoT).

At the core of Industry 4.0, the digital transformation of
industrial entities and their associated applications relies on the
effective observation, understanding, and controlling of physi-
cal industry processes in the digital domain. For this purpose,
a transformative data-driven concept, referred to as digital
twin, is envisioned to bridge the gap between the physical
world and the digital domain. As the digitally mirrored images
of physical objects and processes, digital twins can compre-
hensively represent the real-time conditions of their physical
counterparts in the digital domain and thereby efficiently
enable situation-aware critical decisions [7], [8]. To closely
cohere the physical and digital domains, digital twin hinges on
multifaceted observation, node-level analysis, extensive simu-
lations, holistic coordination, and long-term optimization of
the entire industrial system throughout its life cycle. As a
result, the approach of digital twin construction dominates its
effectiveness of further implementation [9].

Unfortunately, establishing the digital model of a physical
entity/process and further utilizing it for industry process man-
agement and eventual value realization can be highly complex
due to the following two main challenges.

On the one hand, constructing an effective digital twin
model relies exclusively on the coherent analysis and fast
interpretation of multiple correlated attributes associated with
one physical object/process [10], [11]. Maintaining the precise
temporal correlation among multidimensional data is of the
utmost importance for correlation discovery techniques, such
as the autoregressive (AR) model, least absolute shrinkage
and selection operator (Lasso), and support vector machine
(SVM). However, the multidimensional data collected over the
Internet will be severely misaligned in the temporal domain
due to local hardware limitations and network-induced varying
latency. Initially, the data of different attributes are sampled nei-
ther simultaneously nor synchronously because of their diverse
sampling rates, dynamic task schedules, mutual constraint hard-
ware accessibility, and unsynchronized local clocks [12], [13].
The temporal correlation among the chaotic multidimensional
data will be increasingly challenging to discover with the incre-
ment of the modeling dimension. Furthermore, during data
transmission over the Internet, the best-effort delivery strategy
will lead to nondeterministic issues, including uncontrollable
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propagation/access/queuing delays and stochastic packet losses.
This will further aggravate the temporal inconsistency among
multidimensional data and make the received data totally
disordered at the remote end [14].

On the other hand, the low efficiency of the digital twin
construction process caused by redundant data acquisition
and application-agnostic attributes exploration will severely
reduce the productivity of the overall industrial applications.
Existing digital twin construction concepts, e.g., [15] and [16],
tend to achieve detailed interpretation of the multidimensional
data about each and every attribute of the physical entity
while ignoring the specific application requirements. However,
lacking application-centric feature mirroring will be fatal to
supporting the scope of physical entities [17]. Application-
agnosticism would also create an overly fine-grained digital
twin at the expense of unnecessarily high communication
and computational overhead. Moreover, this burden will con-
tinuously grow during the lifelong model maintenance and
exponentially accumulate with the expansion of network
scale [18], which may eventually hinder the normal opera-
tion of the original industrial system. Consequently, designing
novel digital twin construction methodologies that can effi-
ciently reflect the application-specific features of the physical
entities becomes a must.

In most of the existing literature, digital twins are utilized
as applications, with only a few studies paying attention to
addressing the modeling challenges. For example, the miss-
ing LiDAR data problems during digital twin application are
explored in [19], where a series of machine learning tech-
niques are adopted to substitute the missing information.
Similarly, Hu et al. [20] utilized the locality-sensitive hash-
ing algorithm to achieve digital-twin-assisted missing traffic
flow and traffic velocity data prediction. Moreover, to reduce
the necessity of frequent interactions between the physical
domain and virtual representatives, an integrated digital twin
clone flow and smart digital twinning boarding is designed
in [21], which can intelligently adapt to the development
environment. Meanwhile, a decomposition digital twinning
method is proposed in [22], which can reduce the digital
twin construction complexity by dividing the entire process
into basic components characterization and the overall dig-
ital twin integration. However, the critical issues in terms
of temporal misalignment among concurrent multiple sensing
attributes and application-agnostic data collection still remain
unsolved, deteriorating the performance of the overall digital
twin system.

Motivated by these considerations, a Concurrent end-to-end
Synchronization and multi-attribute Data Resampling enabled
Digital Twin (CSDR-DT) construction scheme is proposed in
this article to establish digital twins for IIoT devices with
enhanced accuracy and efficiency. The main contributions are
summarized as follows.

1) To tackle the temporal misalignment of the
multidimensional data associated with the same IIoT
device, end-to-end time synchronization and data resam-
pling are achieved for each attribute of the physical entity
before digital twin creation. A virtual clock model is estab-
lished at the remote processing center for each sensing

attribute to predict and compensate for its local clock
offsets. Moreover, the synchronized data will be further
resampled according to the same reference frequency,
so that the multidimensional information can be com-
pletely aligned in the temporal domain. Therefore, by
concurrently processing the data of each attribute, a
multidimensional digital twin with enhanced accuracy
can be established.

2) A feedback-based sampling rate adjustment and attribute
selection mechanism is designed aiming at improving the
digital twinning efficiency. By comparing the data resam-
pling accuracy and the application-specific requirement,
an optimal local sampling rate can be determined for each
attribute. Meanwhile, a Lasso-based penalized regression
method is adopted during digital twin creation, which is
effective in filtering unnecessary attributes during tem-
poral correlation discovery. Local sensing components
can adjust their sampling tasks accordingly to avoid
unnecessary resource consumption.

3) An edge-centric digital twin construction platform is
established, consisting of time synchronization, premodel
data resampling, and multidimensional digital twin cre-
ation. The massive data transmitted from distributed local
IIoT devices can be efficiently processed by utilizing the
enhanced computational capability of edge devices. The
impact of network uncertainties can also be alleviated
by avoiding extremely distant communication between
local devices and the remote processing center.

The remainder of this article is organized as follows. The
overall system model in terms of the digital twin platform-
enabled IIoT system and data transmission schedule is illumi-
nated in Section II. Section III introduced the design of the
CSDR-DT scheme in detail, including clock offset compen-
sation, data resampling, feedback-based sampling adjustment,
and digital twin creation. Simulations are carried out to
demonstrate the effectiveness of the proposed method from
the aspects of modeling accuracy, efficiency, and robustness
in Section IV, with a case study of industrial predictive
maintenance in the end. Section V concludes this article.

Notations: In this article, scalars are denoted by italic letters,
while vectors are denoted by letters in bold. The main symbols
used are summarized in Table I.

II. DIGITAL TWIN ENABLED IIOT SYSTEMS

In this section, the proposed digital twin platform for a
large-scale IIoT system is demonstrated from two aspects.
First, the overall architecture of the IIoT system with the
involvement of digital twin platform is illustrated, focusing
on the interaction between the physical IIoT devices and the
remote end during digital twin construction. Moreover, we
introduce the schedule of data transmission among distributed
IIoT devices and the remote end in the proposed design,
including timestamp exchange and data sample sharing.

A. Overall Architecture of Digital Twin Platform

The overall architecture of a large-scale IIoT system enabled
by the proposed digital twin platform is shown in Fig. 1, which
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Fig. 1. Overall architecture of the digital twin enabled IIoT system, including the local IIoT system and the digital twin platform, which comprise the
edge-centric data processing and cloud-based service provisioning. The construction of the digital twin platform consists of three main successive steps,
namely, concurrent synchronization, multi-attribute data resampling, and digital twin creation.

TABLE I
MAJOR NOTATIONS AND DEFINITIONS

consists of two interconnected layers, namely, edge and cloud.
On the one hand, critical information of the local IIoT system
will be uploaded to the cloud-edge collaborative digital twin
platform for edge-centric data processing. On the other hand,

the correspondingly established digital twins will be utilized
to provide instructive services in the remote cloud center to
support various industrial applications.

In this article, we consider the application scenario of an
IIoT system, which comprises heterogeneous and distributed
IIoT devices ranging from sensors (e.g., for environmental
monitoring and machine condition observing) to unmanned
vehicles (e.g., for material delivery and photo capture). The
cooperation and interconnection of the IIoT devices will enable
various advanced industrial applications like predictive main-
tenance and networked control, which require coherent data
processing with the support of digital twins. During digital
twin construction, the multiple attributes and sensing times-
tamps relevant to the target IIoT device will be continuously
uploaded to the edge device for edge-centric data process-
ing, by following the predefined transmission schedule. After
accurate digital twin creation, local actuators will execute com-
mands upon the received information from the upper platform
to support advanced industrial applications.

Edge-centric data processing is proposed to provide near-
node data analysis while overcoming the limitation of local
IIoT sensors in terms of lacking sufficient processing capabil-
ity. The digital twin construction is organized into four suc-
cessive phases, namely, virtual clock modeling, multi-attribute
data resampling, feedback-based sampling adjustment, and
digital twin creation. Initially, by investigating the difference
between the timestamps of each sensing attribute and the ones
generated at the edge device, a virtual clock model can be
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established for each attribute, which can be further used to
predict its future offsets. Then, the time information associated
with the real-time uploaded attribute samples can be accu-
rately synchronized by compensating for the predicted offsets.
The synchronized data will be further resampled according
to the same sampling rate to achieve completely temporal
alignment. Finally, the resampled multi-attribute data will be
modeled into a digital twin for each device by adopting proper
statistical analysis techniques. In addition, edge devices will
generate feedback information based on the resampling and
modeling performance after each training iteration. By adjust-
ing the required attributes and corresponding sampling rates
accordingly, the communication and computation overhead of
local IIoT devices can be significantly reduced.

The cloud center will be responsible for gathering the
established digital twins of all IIoT devices and forming poten-
tial subsystems in the digital domain by investigating their
interconnections. Various services, including resource sharing,
information integration, predictive decision-making, and inter-
subsystem coordination, can be conveniently provisioned to
guide the further operation of physical entities. Meanwhile, a
long-term analysis of the digital twins established will be con-
ducted in the cloud center, which is necessary for adapting to
potential system variations and network dynamics.

B. Data Transmission Schedule

For a group of IIoT entities, an edge device will be assigned
according to a series of criteria, including its physical loca-
tion, processing capability, and ability to maintain a consistent
clock reference. The latter one is mainly achieved by equip-
ping temperature compensated crystal oscillator (TCXO) to
drive the clock. For accurate digital twin construction, the
edge device will be first responsible for establishing a vir-
tual clock model for each sensing attribute uploaded from the
IIoT devices according to the associated timestamps, and then
create a digital twin model for the IIoT device by analyz-
ing the correlation of the multiple sensing attributes. Due to
the involvement of a large number of IIoT devices and the
various sensing attributes, the local timestamps and sensing
samples should be transmitted to the edge devices by following
the predefined schedule, which can help alleviate unnecessary
contention and resource wasting.

The data transmission schedule is shown in Fig. 2, where
the local time for each sensing attribute will deviate from the
edge device due to the unsynchronized clocks. To eliminate
the impact of clock drift while minimizing the data exchange
during digital twin training, timestamps, and data samples are
scheduled to transmit separately. On the one hand, each IIoT
sensor will periodically transmit timestamps to the edge device
for intrinsic clock parameter estimation. After receiving the
timestamp, an acknowledgment packet will be delivered back-
ward, where the two pairs of timestamps can be used for
the initial clock parameter estimation. On the other hand, a
series of data samples for each sensing attribute will be con-
tinuously transmitted to the edge device with a predefined
interval τ , where di indicates the random delay between two
devices that affect the timeliness of local data. In this article,

Fig. 2. Data transmission schedule between each IIoT sensor and the edge
device for digital twin construction, which includes timestamp exchange and
attribute sample transmission.

it is assumed that the delay between the local IIoT sensor
and the edge device will follow the Gaussian distribution,
i.e., d ∼ N (μ, σ 2), where μ and σ are the mean and stan-
dard deviations of the delay, respectively. Due to the influence
of random network delay and stochastic packet losses, the
accuracy of digital twin construction will be further deteri-
orated, which requires effective premodeling data processing
to improve the performance.

III. ACCURATE DIGITAL TWIN CONSTRUCTION

Construction of the digital twin platform hinges on the accu-
rate and efficient edge-centric analysis of distributed IIoT data.
Details of the four successive steps of digital twin construction,
including virtual clock formation, premodeling data process-
ing, feedback-based sampling rate adjustment, and digital twin
creation will be introduced in this section.

A. Virtual Clock Modeling

Multidimensional digital twin modeling relies on the cohe-
sive processing of multiple sensing attributes of a single
physical entity. The misalignment of the time information
associated with different attributes will cause a significant neg-
ative impact on the modeling accuracy. As shown in Fig. 3, a
two-step attribute alignment scheme is designed for premodel-
ing data processing, including clock offset compensation and
multi-attribute data resampling.

For electrical IIoT devices, an oscillator-driven clock is
typically embedded to provide local time information contin-
uously. Simply packaged crystal oscillators (SPXOs), which
are widely utilized in IIoT systems to reduce implementa-
tion costs, cannot generate stable timestamps due to defective
manufacturing and lack of temperature compensation tech-
niques. The time inaccuracy of the sensing attribute i is mainly
dominated by the local clock of its sensing device, which
is associated with the initial clock skew αi and clock off-
set βi, while an unacceptable clock error will occur without
proper time synchronization methods. Compared to the time
reference t, a time-varying clock error εi will occur, written as

εi(t) = αi(t)t + βi − t = (αi(t) − 1)t + βi. (1)
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Fig. 3. Alignment of the multiple sensing attributes in the time domain enabled by clock offset compensation and multi-attribute data resampling. The
temporal information will be precisely aligned after premodeling data processing.

In long-term operations, clock skew αi of inexpensive IIoT
sensors will be inconsistent with the variation of external oper-
ating conditions, e.g., ambient temperature, resulting in even
more unpredictable clock inaccuracy. The lacking of temporal
consistency among multiple sensing attributes caused by this
clock error can severely affect the modeling accuracy of dig-
ital twins, while the traditional packet-switching-based time
synchronization methods will inevitably lead to high commu-
nication overhead. Based on this observation, a model-based
offset estimation scheme is designed in this section to sup-
port the digital twin construction by properly analyzing the
sequential timestamps of each IIoT attribute.

As shown in Fig. 2, timestamps of each local sensor are
periodically uploaded to the edge device for virtual clock
modeling. The main challenge of clock modeling is to accu-
rately estimate the clock skew and offset based on the
timestamps. Similar to precision time protocol (PTP), the esti-
mation of the initial clock offset βi of each clock is obtained
by analyzing the first two pairs of timestamps, given by

β̂i = t20 − t10 + t30 − t40
2

+ d2 − d1

2
(2)

where d1 and d2 are the propagation delay between the two
nodes in the two successive links. By assuming the delay is
symmetric, the estimated offset can be further simplified into

β̂i = t20 − t10 + t30 − t40
2

. (3)

Different from clock offset estimation, timestamps from the
local IIoT devices are not required during the clock skew
estimation, which can reduce the network overhead of clock
modeling by half. As discussed in Section II-B, a series of
samples for attribute i will be uploaded to the edge device for
digital twin construction with a predefined interval τi. After
obtaining each attribute sample, the edge device will record the
receiving time, while ideally, the intervening period between
two successive receiving instants should be identical to the
predefined interval, i.e., t2 − t1 = τi. However, there will be
a difference between the two intervals due to the existence of
the clock skew, which can be thereby estimated by

α̂1
ei = t2 − t1

τ
(4)

where α̂1
ei denotes the first estimation of the relative skew

between the edge device and the sensing attribute i. After
receiving a series of samples, the estimation of the clock skew

can be improved by taking the average of the historical values,
given by

α̂ei =
Si∑

s=2

ts − ts−1

τ
= tSi − t1

τi(Si − 1)
(5)

where Si is the overall samples collected for attribute i.
Therefore, the relative clock model of the attribute i can be

written as

Ĉi(t) = α̂eit + β̂i = tSi − t1
τi(Si − 1)

t + t20 − t10 + t30 − t40
2

(6)

which can be straightforwardly used to predict the relative
clock offset of the attribute i compared to its edge device.
Another two pairs of timestamps will be exchanged between
the local sensor and the edge device for validation.

B. Data Synchronization and Resampling

After establishing the virtual clock model for each sensing
attribute, the series of samples collected from each IIoT sensor
can be compensated for according to the real-time clock errors
obtained from the estimated clock parameters, given by

ε̂(t) = (
α̂ei − 1

)
t + β̂i. (7)

The sample of attribute i at a given instant t, i.e., si(t), can be
thereby corrected as

ŝi(t) = si
(
t − ε̂(t)

)
(8)

where the temporal misalignment caused by clock errors can
be eliminated if accurate clock modeling is achieved.

However, due to the limitation of IIoT devices in terms of
their heterogeneous sampling rates and dynamic task sched-
ules, the sampling instants for each attribute about the same
device will be nonsimultaneously, which can lead to tem-
poral misalignment among the multi-attribute samples. This
incoherence will inevitably cause modeling errors if the raw
data are used for digital twin training without proper pro-
cessing. To address this issue, an adaptive distance-weighted
K-nearest neighbors (ADWKNNs) algorithm is proposed for
multi-attribute data resampling, as illustrated in Algorithm 1.

The main difference between the proposed ADWKNN algo-
rithm and the traditional distance-weighted K-nearest neigh-
bors (DWKNNs) [23] lies in the adaptive selection of the
K nearest neighbors according to the multi-attribute sam-
ples. More specifically, ADWKNN comprises two main steps,
namely, optimal nearest neighbors selection and adaptive
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Algorithm 1: Find Optimal K Using Adaptive Distance-
Weighted KNN Data Resampling for Each Resample

Input: Synchronized samples ŝi,j, sampling instants ts,
resampling instants tr

Output: Resampled data šj
i

1 for j = 1 : J do
2 for s = 1 : S do
3 Calculate time difference δrs

m based on Eq. (9)
4 Obtain Euclidean distance Drs

m according to
Eq. (10)

5 Obtain median of Euclidean distance D̃rs

6 for s = 1 : S do
7 if Drs

m ≥ D̃rs then
8 Remove Drs

m from Drs

9 Sort Drs in an ascending order
10 List δrs by following the order of Drs

11 Set initial number of neighbors Ki,j = 2
12 Sum the nearest two instants δ̂min = |δrs

1 + δrs
2 |

13 for s = 2 : #Drs do
14 Accumulate differences δ̂(s) based on Eq. (11)
15 if δ̂(s) ≤ δ̂min then
16 Replace minimal value δ̂min = δ̂(s)
17 Update proper neighbors Ki,j = s
18 Sort the Ki,j samples in an ascending order
19 for k = 1 : Ki,j do
20 Calculate the kth weight according to Eq. (13)
21 Obtain weighted resampling ši,j based on Eq. (14)

distance-weighted resampling calculation. Aiming to select the
optimal nearest neighbors of the attribute i, a series of original
data samples with the corresponding sampling instants should
be recorded at the edge device. The desired resampling instants
will be selected as the reference so that the samples of multiple
sensing attributes can be fully aligned with each other in the
time domain. To select the optimal Ki,j at the jth resampling
instant of the attribute i, denoted as tri,j, its time difference δrs

i,j
and Euclidean distance Drs

i,j compared to the original recorded
data samples are calculated, respectively, given by

δrs
i,j = tri,j − tsi (9)

and

Drs
i,j =

√(
tri,j − tsi

)2
(10)

where tsi is a vector containing the original data sampling
instants about the same attribute i.

Due to the randomness of local samples, some of the orig-
inal samples would be excessively distant from the desired
resampling instant, which can lead to inaccurate resampling
results. To filter uncorrelated faraway data samples, the median
of the distance vector Drs

j is calculated as a threshold, which
can help to discover excessive elements. Any original data
samples with a distance greater than the median will be
removed from the candidate neighbor set, while the distance of
the remaining samples Drs

j will be sorted in ascending order

so that the sample with the strongest correlation will be listed
as the first element.

The selection of Ki,j aims at minimizing the imbalance of
the impact from original data samples during data interpola-
tion. In other words, simply considering more unidirectional
neighbors (i.e., only before or after) will not be beneficial to
the final resampling accuracy. Motivated by this observation,
the accumulated difference δ̂(s) of each original sample s is
calculated, given by

δ̂(s) =
s∑

l=1

δrs
j (l) ∀s = {2, 3, . . . , S} (11)

where S is the number of samples after initial filtering, while
at least two of the samples should be selected to meet the
basic requirement, i.e., S ≥ 2. By observing the number of
samples leading to the minimized accumulated difference δ̂min,
the optimal Ki,j can be obtained as

Ki,j =
{

s|δ̂(s) = δ̂min, 2 ≤ s ≤ S
}
. (12)

After obtaining the optimal Ki,j for each desired resampling
instant trj , a distance-weighting factor for each original data
can be thereby calculated. The weight ωρ associated with the
ρth closest neighbor is defined as

ωρ =
⎧
⎨

⎩

1, if Drs
Ki,j

= Drs
1

Drs
Ki,j

−Drs
ρ

Drs
Ki,j

−Drs
1
, otherwise.

(13)

Based on the obtained weighting factors, the final resampling
result of the jth resampling instant for attribute i can be calcu-
lated by taking the weighted average of the Ki,j neighboring
samples, given by

sr
i,j =

∑Ki,j
k=1 ωkŝk

i,j
∑Ki,j

k=1 ωk

(14)

where ŝk
i,j is the data sample belongs to the kth nearest neigh-

bor of the resampling instant tri,j after clock compensation
according to (8).

C. Feedback-Based Sampling Adjustment

Data resampling provides an opportunity for heterogeneous
sensors to adjust their sampling rate according to the resam-
pling performance. In this section, a feedback-based sampling
rate adjustment mechanism is designed at the edge device,
aiming at maintaining the application-specific processing accu-
racy while minimizing the network overhead during data
uploading.

The main purpose of sampling adjustment is to maximize
the data efficiency for resampling. Typically, the initial resam-
pling accuracy will be excessive or insufficient compared to
the application-specific requirement due to data redundancy
or low data rate, respectively. As a direct result, either unnec-
essary resource wasting or nonideal data modeling accuracy
will be expected during digital twin construction. To address
these issues, the edge device will responsible for estimating
the initial data resampling accuracy by conducting cross-
validation based on the attribute samples collected. Attribute
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with an exceeding or insufficient data resampling accuracy
compared to the predefined requirement will be asked to
adjust its local sensing rate accordingly. Furthermore, differ-
ent optimization techniques, such as golden-section search and
Ternary search, can be utilized to determine the optimal local
sampling rate f̂ of each attribute efficiently in meeting the
resampling accuracy Qi, which can be generalized as

f̂i = argmin
fi


(fi) − Qi (15)

where fi is the local sampling rate for attribute i, while 
(fi)
is the data resampling accuracy obtained based on the cross-
validation.

In addition, the attribute selection for digital twin modeling
should also be application driven since not all attributes col-
lected from the local device will be useful. Therefore, it
is necessary to only upload correlated information for data
resampling and digital twin creation. A penalized-regression-
enabled digital twin creation method is introduced in the next
section to filter the unnecessary attributes during digital twin
modeling. By recording the filtered information at the edge
device, local IIoT sensors can further adjust the information
to be uploaded, which can significantly help to reduce the
network resource consumption and successive digital twin
modeling complexity.

D. Digital Twin Creation

Based on the resampled data, digital twins can be estab-
lished at the edge device by investigating the temporal relation-
ships among the multiple sensing attributes. The digital twins
can be identified and modeled by a series of statistical tools,
including Tikhonov regularization [24], Lasso [25], and sparse
identification of nonlinear dynamics (SINDy) [26], based on
the nature of the physical IIoT device to be modeled and the
type of data samples. Some selection criteria include the spar-
sity of the data, the number of attributes, and the linearity of
the relations.

To give some general ideas for digital twin creation, Lasso
is selected in this section as an example after careful data pro-
cessing. As a mature system identification approach, Lasso can
achieve good performance for sparse data with multicollinear-
ity. Moreover, Lasso can help to filter uncorrelated information
from a large number of attributes to reduce the model complex-
ity for comprehensive digital twin modeling. More specifically,
the goal of Lasso in the proposed CSDR-DT scheme is to solve
the optimization problem defined as

η̂ = argmin
η

L
(
š
)

(16)

where L(š) is the loss function to be minimized, given by

L
(
š
) =

R∑

r=1

∥∥∥∥∥∥
šout

r −
I∑

i=1

šin
r ηi

∥∥∥∥∥∥

2

+ λ

I∑

i=1

|ηi| (17)

where I is the total number of recorded attributes to be mod-
eled and J is the total number of resampled data for each
attribute, respectively. In the loss function šin

j and šout
j are the

input attribute and output attribute obtained after data resam-
pling, given in (14). ηi is the digital twin parameter for each

attribute to be solved, while a penalized term defined by a
nonnegative regularization parameter λ is added at the end
to avoid overfitting issues during optimization. Therefore, by
properly conducting the premodeling data resampling for each
involved IIoT device and minimizing the loss function given
in (17), the parameters of the digital twin can be identified,
and replication of the model can be established accordingly in
the digital domain.

As the primary goal of this article is to introduce the
proposed premodeling data processing, including end-to-end
time synchronization and multi-attribute data resampling, the
detailed procedures of the statistical digital twin modeling are
beyond the main scope of this study. Therefore, the final estab-
lishment of digital twins through Lasso will be omitted to
maintain our emphasis. More details about Lasso-based model
creation can be found in [25], [27], [28], and [29].

IV. PERFORMANCE EVALUATION

In this section, a series of simulations are carried out to
evaluate the performance of the CSDR-DT scheme in terms
of premodeling data processing, digital twin construction, and
the ability to maintain performance under various network con-
ditions. Moreover, a case study about predictive maintenance
in IIoT systems is given as a potential application scenario for
the proposed CSDR-DT platform.

A. Premodeling Data Processing

In this simulation, an IIoT system with a wide variety
of industrial infrastructures and machines is simulated in
MATLAB, where 20 sensors generating their unique sensing
attributes are specifically considered. Initially, the clock at each
device is approximately modeled as a linear function, where
the initial offset βi is a random constant ranging at a submil-
lisecond level. In contrast, clock skew αi will be more diverse
and time-varying (typically from 1 to 100 ppm) due to dif-
ferent manufacturing quality and temperature sensitivity. The
modeling of each clock is achieved by analyzing the sequen-
tial timestamps from the IIoT device according to (6), based
on which the percentage modeling error ei(t) can be obtained,
given by

ei(t) = Ĉi − Ci(t)

Ci(t)
. (18)

The simulation results of four random attributes in terms of
clock modeling error with respect to training times are given
as an example in Fig. 4, where it can be observed that more
available timestamps and training iterations can help to reduce
the clock modeling error. With less than ten training itera-
tions, a slight modeling error around 3% is expected for each
attribute, which can help to generate accurate time information
for data synchronization in a given period. It is worth not-
ing that, due to the time-varying clock skew for each device,
the clock model will gradually deviate from the ground truth,
especially for devices with an inexpensive oscillator. This
issue can be straightforwardly solved by continuously updat-
ing the clock model based on the newly arrived timestamps,
which are associated with the data samples used for digital
twin creation. A long-term observation regarding the clock
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Fig. 4. Accuracy of the clock modeling for four different attributes. Accurate
modeling will be achieved after less than ten training iterations.

TABLE II
100-H OBSERVATION OF THE CLOCK MODELING ERROR (s) FOR THE

FOUR SELECTED ATTRIBUTES AFTER INITIAL TRAINING

modeling error is given in Table II, where the four selected
clocks can maintain good accuracy by infrequently estimating
the clock parameters (once per hour). The averaged modeling
error can be limited to a submillisecond level throughout the
entire digital twin construction process, while no additional
timestamps that lead to unnecessary network overhead will be
induced. Therefore, accurate time information can be main-
tained with significantly reduced two-way timestamp exchange
by adopting the proposed end-to-end time synchronization
scheme.

Moreover, the ADWKNN algorithm is conducted to resam-
ple distributed IIoT data after its calibration according to the
estimated real-time clock offset given by (7). Fig. 5 shows
the normalized data from 4 selected attributes, which includes
the ambient operating temperature, temperature of a motor,
operating velocity of a free-running rotor, and condition of
a controlled motor. The raw data (i.e., small circles on each
curve) are inconsistently sampled from two perspectives. On
the one hand, the data at each device is sampled irregularly due
to its dynamic task schedule. The availability and frequency
of the samples cannot be guaranteed as a result. On the other
hand, the data are sampled nonsimultaneously, which will
be critical for temporal correlation analysis for the multiple
sensing attributes.

After adopting the ADWKNN algorithm with an adaptive
K selection for each series of data, the original data are fully
resampled, which is shown as the large red crosses at each
curve with the desired interval. It can be observed that the
resampled data can closely fit the original data curve, meaning

Fig. 5. Temporal consistency of four attributes collected from different sens-
ing processes. The data will be precisely aligned after properly resampling
with the proposed CSDR-DT approach.

Fig. 6. Proposed ADWKNN algorithm can achieve more accurate resampling
performance compared to the traditional DWKNN with a fixed number of
neighbors.

that significant data resampling accuracy is achieved, espe-
cially for the areas with smoother curves and considerable
samples. In addition, as shown in Fig. 6, by involving more
available data samples for each attribute, the resampling accu-
racy can be further improved. However, the improvement will
converge to its limitation after around 60% of the overall
data, meaning that the proposed ADWKNN algorithm does
not hinge on excessive data for accurate resampling. The
performance of the premodeling data processing will be still
extremely reliable even if the available data and sampling rates
cannot be guaranteed.

Furthermore, to demonstrate the effectiveness of the adap-
tive neighbor selection compared to traditional schemes where
a fixed number of neighbors are selected, resampling accu-
racy with different scenarios is compared in Fig. 6. Based on
the averaged resampling error from the 20 devices, it can be
observed that the proposed adaptive K selection can always
achieve a smaller error compared to each fixed K. The reason
behind this result is the randomness of the available samples.
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Fig. 7. Digital twin accuracy with different modeling approaches, includ-
ing CSDR-DT, traditional Lasso, synchronized Lasso, and adaptive Lasso.
The modeling accuracy is significantly improved by adopting the CSDR-DT
scheme due to the enhanced temporal consistency among multiple attributes.

A fixed K cannot provide identical benefits for each attribute
due to their different sampling situations. In other words, a
larger K might be more appropriate for attributes with dense
data but will lead to degraded resampling results for other
devices with sparser data. The dynamic of sampling conditions
will inevitably exacerbate this issue. In contrast, by select-
ing an adaptive and customized K at each resampling instant
according to its neighboring samples, the problem of sampling
randomness can be alleviated. There might be an additional
computational burden induced from the selection of K, but
the calculation is straightforward, and its computational com-
plexity is much lower than other advanced learning-based
methods, e.g., [30]. Meanwhile, the involved computational
overhead can be considered negligible since the data resam-
pling is achieved in an offline mode at the edge device with
enhanced processing capabilities.

B. Modeling Accuracy and Efficiency

Accurate digital twin construction serves as the backbone to
support successive industrial applications, while the efficiency
during digital twin modeling affects the versatility of the plat-
form due to the limited resources in IIoT systems. Based on
this observation, the modeling accuracy and efficiency of the
proposed CSDR-DT scheme are, respectively, evaluated in this
section. Two different modeling approaches, including tradi-
tional Lasso [25] and adaptive Lasso [31], which had been
widely adopted in various areas for different modeling pro-
poses (e.g., [27] and [28], and [32], [33], respectively), are
selected as the benchmarks in the simulation.

On the one hand, the comparison of digital twin modeling
accuracy is shown in Fig. 7, where one more modeling sce-
nario, synchronized Lasso (i.e., traditional Lasso with synchro-
nized data), is also selected. The sampling rate is normalized
based on the minimum and maximum of the available sam-
ples in this simulation, where it can be observed that a higher
sampling frequency can continuously bring an increment to
digital twin modeling accuracy. Moreover, the accuracy of the

Fig. 8. Digital twin modeling accuracy with different attribute dimen-
sions. With more attributes involved, the correlation analysis will be degraded,
especially when the data are not accurately aligned.

proposed CSDR-DT scheme is always higher than directly
adopting the Lasso algorithms, especially when no synchro-
nization strategy is adopted. Although adaptive Lasso can
achieve higher accuracy than traditional Lasso, the lack of
temporal consistency among the multiple attributes still limits
its performance. Additionally, the difference between scenar-
ios with and without synchronization is relatively small, but
accurate time synchronization is indispensable in the proposed
scheme since it not only directly increases the modeling accu-
racy but also benefits the resampling performance. With both
time synchronization and data resampling mechanisms, a sig-
nificant improvement in the modeling accuracy (more than
50%) is expected.

Furthermore, the impact of the system scale is also con-
sidered to evaluate the proposed scheme. A larger system
scale will indicate a higher attribute dimension, with more
data involved during data processing and modeling. However,
not all attributes collected will be closely relevant to the dig-
ital twin modeling. As shown in Fig. 8, different modeling
scales ranging from 5 to 50 attributes are considered dur-
ing the simulation, where a larger attribute dimension will
lead to lower modeling accuracy. Although Lasso methods
are effective in filtering uncorrelated attributes and shrinking
the modeling dimension, the unsolved temporal misalignment
will deteriorate the modeling performance for both traditional
and adaptive Lasso. In contrast, CSDR-DT is less sensitive to
the attribute dimension, which can improve the digital twin
modeling behavior for all attribute dimensions with more than
doubled accuracy.

On the other hand, the induced network overhead during
digital twin construction is used to evaluate the efficiency of
the proposed CSDR-DT scheme. As demonstrated in Fig. 9,
higher network overhead will be expected with lower digital
twin modeling error, leading to the necessary tradeoff between
accuracy and efficiency. However, the induced network over-
head of the proposed CSDR-DT scheme is always lower than
both the traditional Lasso and adaptive Lasso algorithms, espe-
cially when the required modeling accuracy is very high. In
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Fig. 9. Digital twin modeling efficiency of the proposed CSDR-DT method
compared to synchronized Lasso and adaptive Lasso. The CSDR-DT-based
approach will pose a lower overhead for different modeling requirements.

Fig. 10. Resource consumption and accuracy of data resampling for different
attributes collected from sensors with diverse sampling capabilities.

addition, it can be observed that the highest modeling accuracy
cannot be achieved by the methods without accurate tempo-
ral alignment, no matter how many attribute data are sampled
and transmitted. Therefore, by adopting the proposed CSDR-
DT scheme, a higher modeling accuracy is achievable, while
more network resources can also be saved to support other
critical industrial applications.

In addition, the network overhead can be further reduced
by adopting the proposed feedback-based sampling adjust-
ment mechanism. As shown in Fig. 10, with more training
iterations, the resources used for digital twin creation will
be gradually reduced due to the adaptation of local sampling
rates. Although the training accuracy is slightly reduced as a
negative impact, the application-specific requirement, which is
set to be 95%, can always be achieved. Moreover, for sensors
with higher sampling rates, more resources are expected to be
saved due to their increasingly redundant local samples. This is
also validated in Fig. 11, where it can be observed that the per-
centage of data used to maintain modeling accuracy in sensors
with higher sampling rates will be the least. Therefore, it can
be concluded that the proposed feedback-based sampling rate

Fig. 11. Change of samplings required and accuracy achieved after adopting
the feedback-based sampling adjustment.

adjustment mechanism can significantly reduce the network
overhead during digital twin creation, especially for sensors
with higher sampling capabilities.

C. Modeling Robustness

Due to the involvement of a large number of heterogeneous
industrial machines and nonunified communication standards
in complicated IIoT systems, non-negligible random network
delays and stochastic packet losses will be ubiquitously asso-
ciated with the frequent timestamp and data exchange during
digital twin construction. Therefore, it is necessary to evaluate
the digital twin modeling performance under various network
conditions. Similarly, traditional Lasso-based modeling and
the proposed CSDR-DT scheme will be compared, aim-
ing at demonstrating the improvement by adopting accurate
premodeling data processing.

More specifically, as mentioned in Section II-B, the network
latency during digital twin construction is assumed to fol-
low the Gaussian distribution, where both the mean (μ) and
standard deviation (σ 2) will affect the modeling performance.
The modeling accuracy of the proposed CSDR-DT scheme is
shown as a contour diagram in Fig. 12, where a larger network
latency will always lead to a more significant modeling error.
Moreover, a larger σ 2 can affect the modeling accuracy more
severely compared to μ, given the reason that σ 2 will result
in more randomness in the data during model establishment.
The reduced timeliness of distributed data can further dete-
riorate the temporal consistency among the devices, which
is fatal for digital twin construction. However, by adopt-
ing CSDR-DT data processing, the modeling accuracy can
be greatly improved, shown in Fig. 13, especially for the
scenario with larger σ . Moreover, it can be observed that
the modeling accuracy will be maintained within an accept-
able range for extreme network conditions compared to the
traditional modeling method.

Besides network latency, the stochastic packet loss is another
important reason leading to increased randomness of the data
samples. The amount of packet losses is condition-dependent,
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Fig. 12. Modeling accuracy of CSDR-DT with different network conditions.
With both the increment of mean and deviation of the network delay, a small
but increasing modeling error will be observed.

Fig. 13. Compared to the Lasso modeling with raw data, a significant
improvement is expected, especially for worse network conditions.

which is highly correlated to the number of devices, network
access mechanisms, and channel quality. As shown in Fig. 14,
a wide range of packet loss rates from 5% to 30% is considered,
where the latter scenarios can be considered beyond normal
conditions. It is notable that the modeling error of the CSDR-
DT scheme remains at a relatively low level, while packet
losses will have a more significant impact on the modeling
performance if Lasso and adaptive Lasso algorithms are directly
adopted. Furthermore, the orange bars show the modeling
improvement compared to the traditional Lasso. Based on
Figs. 12 and 13, it can be concluded that the proposed CSDR-DT
scheme can improve the digital twin construction performance
under different network conditions, which can meet the practical
requirements of industrial applications.

D. Case Study: Predictive Maintenance

To demonstrate the effectiveness of the proposed CSDR-DT
scheme and introduce some potential application scenarios

Fig. 14. With different packet loss rates, modeling accuracy can be improved
for more than 50% by adopting the proposed CSDR-DT method.

in IIoT systems, a case study about predictive mainte-
nance is demonstrated in this section. More specifically,
predictive maintenance serves as a very promising technique
in Industrial 4.0, which can achieve proactive machine condi-
tion guaranteeing, with minimized interruption of the normal
operation [34], [35], [36]. In this simulation, three different
maintenance approaches are considered and compared, namely:

1) corrective maintenance is carried out after detecting
anomalies. This method is used to restore normal oper-
ating conditions and only repairs upon fault detection.

2) periodic maintenance will be conducted according to the
predefined schedule, aiming to minimize the impact of
the time-induced errors. However, abnormal operations
and external anomalies will be very challenging for this
type of maintenance to deal with.

3) CSDR-DT-based predictive maintenance, which is car-
ried out at predetermined intervals or according to
prescribed criteria, aiming to reduce the failure risk or
performance degradation of the equipment. The main-
tenance cycles are planned according to the operation
schedule and requirements of the IIoT devices.

Moreover, two different kinds of machine failure are consid-
ered, including spontaneous deteriorations (e.g., aging, fatigue,
and wear) and external accidents (e.g., abnormal operations
and unexpected materials). The deterioration level of the target
machine is modeled as a time-dependent function according
to [37], given by

DLn(t) =
(

an

an − ξ t

)bn

(19)

where ai and bi are the intrinsic deterioration factors of the
device i, while ξ is the imaginary unit to avoid confusion.

The proposed CSDR-DT-based predictive maintenance is
achieved from two perspectives, as shown in Fig. 15. On
the one hand, the continuously generated system states will
be collected at the edge devices, which will be responsible
for the condition check. Any newly generated system states
that significantly violate the historical feature will be reported
as abnormal inputs, which can help the target machine to
avoid extremely accidental events. In this case, the previously
established digital twin will generate reliable system states
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Fig. 15. CSDR-DT-enabled predictive maintenance flowchart comprises input
abnormal filtering and output data evaluation.

Fig. 16. Deterioration of the target device under different maintenance strate-
gies for 100-h observation. With CSDR-DT-enabled predictive maintenance,
the degradation level will be much slighter and more predictable.

to maintain normal. On the other hand, the newly generated
system outputs will be compared with the ones from the digital
twin, while outliers will be reported as well. By adopting this
two-stage abnormal report, accidental events can be alleviated
by properly scheduling timely maintenance.

The normalized deterioration levels of the target devices
after adopting these three maintenance approaches are shown
in Fig. 16, where the devices will shut down if no mainte-
nance is adopted correctly (i.e., when the line goes to 1).
Periodic maintenance can outperform corrective one by avoid-
ing shutdowns of the machines. However, due to the existence
of accidental events, the performance of these two maintenance
strategies will be degraded as they cannot predict and avoid
accidental errors. In contrast, predictive maintenance enabled
by the CSDR-DT can achieve better performance by observing
both the input and output of the system. Thus, the deterioration
level and the operation time can be significantly enhanced.

Furthermore, remaining useful life (RUL) is commonly used
in traditional studies [37], [38] to describe the performance
of maintenance, which shows the time that the machine is
expected to operate normally. However, the use of RUL is
not always sufficient to show the effectiveness of predictive
maintenance since accidental events, which dominate indus-
trial breakdowns, will not be demonstrated by using RUL. As
a result, we will use the operation rate in this case study to
illustrate the healthy of the target devices and evaluate the
performance of the digital twin platform by observing the
operating rate under different operating periods and accidental

Fig. 17. Maintenance time required for the three different maintenance
strategies. CSDR-DT-enabled predictive maintenance will consume the least
amount of time to maintain the functionality of machines.

Fig. 18. Overall operation quality of the target devices by adopting the three
maintenance strategies, where CSDR-DT-enabled predictive maintenance can
help the machine maintain a higher operation quality.

events rates. Thanks to the accurate prediction, the accumu-
lated maintenance time and overall operation quality of the
target devices can be enhanced, as shown in Figs. 17 and 18,
respectively. As the digital twin of the physical system will
be updated based on the newly gathered information, the
prediction accuracy can be further improved for long-term
operation. It is clear that the proposed CSDR-DT-enabled
predictive maintenance can achieve the least shutdown time
compared to the other two strategies. Moreover, with differ-
ent accidental event rates, the CSDR-DT-based approach can
always overweight other maintenance methods. Therefore, it
can be concluded that the proposed CSDR-DT scheme can
help to provide a more accurate and timely data analysis, while
the corresponding decision making can improve industrial
applications significantly.

V. CONCLUSION

In this article, a concurrent end-to-end synchronization and
multi-attribute data resampling scheme has been designed to
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achieve accurate and efficient digital twin construction for IIoT
applications. An edge-centric digital twin platform has been
formed for multidimensional data collection, premodeling pro-
cessing, and digital twin creation. To tackle the temporal
misalignment among the multiple attributes, the raw data
will be resampled according to the same reference frequency,
with the help of virtually digital twined clocks providing
cohesively aligned time information. A feedback-based sam-
pling rate adjustment and attribute selection mechanism has
been designed afterward to optimize the local samples regard-
ing the application-specific requirements. Simulation results
have shown that the proposed CSDR-DT scheme can achieve
more accurate, efficient, and robust digital twin construction
than existing modeling methods. In the end, digital-twin-
driven predictive maintenance has been given as a case study,
which illustrated the potential applications and benefits of
the proposed CSDR-DT in industrial environments. In the
future, we will explore the feasibility of utilizing machine
learning-based methods for achieving accurate data resam-
pling. Moreover, extending the proposed digital twin platform
to larger scale IIoT systems will be a promising research
direction in supporting advanced collaborative applications.
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