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Abstract

Time synchronization plays a critical role in enabling coordinated control and accurate data
fusion in the Industrial Internet of Things (IloT). However, most existing time-triggered
synchronization protocols rely on periodic information exchange, which leads to consid-
erable communication and energy consumption, particularly in large-scale and resource-
constrained deployments. To address these limitations, this study proposes an adaptive
event-triggered time synchronization scheme that eliminates the need for periodic commu-
nication. Unlike conventional approaches that employ fixed or predefined time-varying
thresholds, the proposed method constructs a fully distributed triggering mechanism based
on both local clock evolution and synchronization discrepancies observed from neighboring
nodes. The triggering threshold evolves automatically according to the network synchro-
nization state and does not require additional coordination messages. Theoretical analysis
shows that the logical clock skews asymptotically converge to a common value, while
the logical clock offset disagreement is ultimately bounded within an explicitly character-
ized neighborhood. Simulation results demonstrate that the proposed scheme achieves a
more effective balance between synchronization accuracy and communication overhead,
while producing more evenly distributed triggering events than several representative
event-triggered synchronization methods.

Keywords: Industrial Internet of Things (IloT); time synchronization; event-triggered
synchronization; adaptive threshold; load balancing

1. Introduction

As a core enabler of Industry 4.0 and smart manufacturing, the Industrial Internet of
Things (IIoT) is driving the comprehensive transformation of traditional manufacturing
toward intelligence and networking through deep interconnection and real-time data
exchange among physical devices, sensors, and control systems [1]. In this transformative
process, time synchronization is not only the foundation for effective integration of massive
heterogeneous data but also a key prerequisite for achieving distributed cooperative control,
accurate event ordering, and system-wide scheduling consistency [2,3]. Indeed, a robust
and efficient time synchronization mechanism serves as the cornerstone for unlocking
the potential of IloT systems and realizing leaps in system-level efficiency, quality, and
productivity. For large-scale, highly dynamic IloT networks, maintaining global time
consistency has evolved from a supporting technology into indispensable infrastructure for
achieving cooperative industrial operations [4].
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However, with the rapid expansion of IloT network scale and the increasing complexity
of application scenarios, achieving reliable time synchronization has become increasingly
challenging. Traditional centralized synchronization mechanisms, which typically rely
on point-to-point master—slave communication, suffer from limited scalability and poor
energy efficiency in large-scale IloT networks [5]. To overcome these limitations, various
time synchronization mechanisms have been investigated for IloT systems. Among them,
distributed synchronization protocols, particularly those based on consensus theory, have
attracted considerable attention. These protocols achieve time convergence through peer-
to-peer interactions among nodes and offer advantages such as decentralization, high
scalability, and strong robustness, making them well suited for large-scale and dynamically
evolving IToT networks [6-10]. Nevertheless, in IloT networks, which often operate under
strict energy constraints and limited communication resources, the overhead introduced by
synchronization procedures may compete with bandwidth required for monitoring and
control tasks. Therefore, designing synchronization mechanisms that maintain the required
synchronization accuracy while reducing communication and energy overhead remains a
critical research problem in large-scale IIoT networks.

To improve synchronization efficiency in resource-constrained IIoT networks, recent
studies have explored several approaches, including protocol optimization, low-power
synchronization platforms, energy consumption modeling, and intelligent energy man-
agement frameworks. In terms of protocol optimization, Elsharief et al. proposed the
Intelligent Neighbor Knowledge-based Synchronization (INKS) algorithm, which reduces
redundant message transmissions by selectively forwarding synchronization messages
only to unsynchronized nodes [11]. In addition, low-power synchronization platforms,
energy consumption models, and energy-aware management frameworks have also been
investigated to enhance network efficiency [12-14]. These studies provide complementary
perspectives for improving energy efficiency in IloT networks.

However, despite these improvements, the communication overhead associated with
synchronization operations remains a critical concern in resource-constrained IloT net-
works, since most existing time synchronization approaches still rely on periodic communi-
cation frameworks. Such schemes cannot fundamentally eliminate the inherent overhead
caused by continuous synchronization exchanges. To address this issue, event-triggered
control has been introduced as an alternative communication scheduling paradigm, where
information transmission or controller updates are performed only when a prescribed
triggering condition is satisfied. This mechanism has been widely investigated in the
consensus control of multi-agent systems. In particular, beyond basic static event-triggered
rules, adaptive and dynamic event-triggered mechanisms have been developed to reduce
communication requirements, avoid continuous monitoring, and improve scalability in
distributed consensus problems [15-18]. Nevertheless, time synchronization is not a direct
instance of general multi-agent state consensus. In IloT time synchronization, node states
are determined by hardware clocks, logical clock skews, and logical clock offsets, and
relative clock information is usually obtained indirectly through timestamp exchanges.
Therefore, event-triggered mechanisms designed for general multi-agent systems cannot be
directly applied or compared without considering the specific clock model, synchronization
objective, and communication structure of time synchronization systems. This distinc-
tion indicates that, although event-triggered ideas provide a promising way to reduce
communication overhead, their application to clock synchronization requires problem-
specific reformulation rather than a straightforward extension of existing consensus-based
triggering rules.

Motivated by this observation, event-triggered concepts have gradually been incor-
porated into time synchronization protocols for wireless sensor networks, which form a
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fundamental networking infrastructure for IlloT networks. Early studies introduced event-
based distributed clock synchronization and event-triggered communication mechanisms
for reducing unnecessary synchronization exchanges in WSNs [19,20]. Garcia et al. [21]
further formulated distributed clock synchronization from an event-triggered consensus
perspective. Subsequently, Berneburg et al. [22] proposed a strongly non-Zeno dynamic
event-triggered wireless clock synchronization algorithm, in which an auxiliary dynamic
variable is introduced to guarantee a designable positive minimum inter-event time for
each node. This work mainly focuses on improving the implementability of event-triggered
clock synchronization. Event-triggered strategies have also been investigated in related
discrete-time synchronization and more complex clock synchronization scenarios. For ex-
ample, Jia et al. [23] developed an observer-based output feedback event-triggered control
strategy using time-varying thresholds to achieve discrete-time synchronization under dis-
turbances. Jia et al. [24] further proposed an asynchronous broadcast-based event-triggered
control scheme for discrete-time clock synchronization, which reduces packet exchanges
by avoiding unnecessary synchronous communication among nodes. Recent studies have
further considered event-triggered time synchronization under communication delays [25],
switching topologies and noise disturbances [26], time-varying delays [27], and varying
clock skews [28].These studies demonstrate the potential of event-triggered mechanisms
for improving synchronization efficiency, while also indicating that adaptive threshold
design specifically tailored to logical clock evolution and neighboring synchronization
discrepancies remains insufficiently explored in IIoT time synchronization.

Despite these developments, existing event-triggered synchronization schemes still
exhibit several critical limitations. In most existing studies, triggering thresholds are
designed as fixed constants or predefined time-varying functions, such as exponentially
decaying or inverse-time thresholds, and are therefore largely decoupled from the real-time
synchronization state of the network as well as the dynamic interactions among neighboring
nodes. As a result, constant thresholds [19] may cause nodes to remain inactive for long
periods once synchronization stabilizes, thereby delaying the correction of clock skew,
whereas decaying thresholds, including exponential [19] and inverse-time forms [25], may
reduce communication effectively in the initial stage but tend to induce excessive triggering
and redundant transmissions in later stages. Such locally isolated triggering behavior may
further aggravate channel contention, cause uneven energy consumption across nodes, and
even increase the risk of premature node failures. Moreover, the threshold design in many
existing studies lacks a rigorous connection with Lyapunov stability analysis [19,25], so
parameter selection often relies on empirical rules or extensive simulation-based tuning
rather than systematic theoretical guidance. Fundamentally, these limitations stem from
the lack of an adaptive threshold adjustment mechanism that can simultaneously account
for synchronization dynamics, neighboring states, and stability requirements, making it
difficult to achieve an effective balance between synchronization accuracy and resource
efficiency in practical IloT networks.

To overcome these limitations, this study proposes an adaptive threshold event-
triggered time synchronization scheme based on neighbor-cooperative states. The core
innovation of this research is to abandon the static or globally preset threshold paradigm
and instead design a fully distributed dynamic triggering mechanism driven jointly by local
and neighbor synchronization errors. This mechanism ensures that the trigger threshold
for each node is no longer an isolated preset value but, rather, a dynamic variable that
is updated according to the overall synchronization deviation of the network. The main
contributions of this paper are summarized as follows:

*  An adaptive threshold mechanism linked to the clock states of neighboring nodes
is proposed. Based on the negative definiteness of the Lyapunov function deriva-
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tive with respect to the logical clock skew, a novel distributed event-triggered con-
dition is derived. The triggering threshold is dynamically constructed from the
node’s locally accumulated error and neighbor state information, enabling adap-
tive responses to network synchronization variations without introducing additional
communication overhead.

*  The proposed adaptive threshold mechanism produces a more balanced triggering pat-
tern with moderate communication overhead, automatically adjusting the triggering
frequency according to the synchronization state. This leads to faster convergence un-
der large deviations while suppressing redundant transmissions near synchronization,
thereby improving load balance and energy efficiency in the network.

*  Comprehensive theoretical convergence analysis and systematic simulation evalua-
tions are conducted. We rigorously prove that, under the proposed adaptive threshold
mechanism, the logical clock skew achieves asymptotic uniform convergence, while
the logical clock offset converges to a bounded neighborhood. Furthermore, exten-
sive simulations compare the proposed scheme with representative event-triggered
synchronization methods, including constant and exponential thresholds [19] and
inverse-time thresholds [25], across multiple performance dimensions, demonstrating
its superior performance in synchronization accuracy, communication efficiency, and
triggering stability.

The remainder of this paper is organized as follows. Section 2 describes the adopted
system and network models. Section 3 presents the proposed Event-Triggered Adaptive
Time Synchronization (ETATS) for Industrial Internet of Things. Section 4 provides the con-
vergence and performance analysis. Section 5 evaluates the performance of the proposed
method through simulations. Finally, Section 6 concludes the paper and discusses future
research directions.

2. System Model
2.1. Network Model

Consider an IIoT network consisting of # nodes. Its communication topology can be
modeled as an undirected graph G = (V,E), where V = 1,2, ..., n is the set of nodes and
E C V x V is the set of edges. If (i,j) € E, then nodes i and j can communicate directly.
The set of neighbors of node i is denoted by N; = {j|(i,]) € E,j # i}, and its size |N;| = d;
is called the degree of node i. The graph structure can be described by the adjacency matrix
A (where Ajj=1 if (i,j) € &; otherwise, Ajj = 0), the degree matrix D = diag(dy, ..., ds),
and the Laplacian matrix L = D — A. To ensure information can propagate throughout the
network and achieve cooperative synchronization, we assume the graph G is connected.
This assumption is a necessary condition for the convergence of distributed consensus
algorithms [8]. If G is connected, then for any two nodes i,j € V, there exists a path
connecting them.

2.2. Time Synchronization Model

Each node i is equipped with a quartz oscillator and a counter, forming its local
hardware clock. Its reading 7;(t) has a linear relationship with the absolute time ¢ [8]:

7(t) = a;jt +b;, (1)

where g; represents the hardware clock skew (i.e., frequency) and b; denotes the hard-
ware clock offset. Due to manufacturing variations and environmental factors, a; and
b; differ among nodes and are typically assumed to be bounded; i.e., 4; € [dmin, Amax],
b; € [bmin, bmax), where amin, @max, bmin, Pmax are positive constants.
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Since nodes cannot directly access absolute time t and should not modify their hard-
ware clocks, each node maintains an adjustable logical clock L;(t) as its time reference
for participating in cooperative tasks. This logical clock is obtained by compensating the
hardware clock [8]:

Li(t) = a;(t)7i(t) + Bi(t), (2)

where «;(t) is the logical clock skew compensation parameter for correcting frequency
differences and B;(t) is the logical clock offset compensation parameter for correcting phase
differences. Substituting Equation (1) into Equation (2), the logical clock can be rewritten
as a function of absolute time ¢:

Li(t) = xi(£)t + yi(t), 3)

where x;(t) = a;(t)a; and y;(t) = a;(t)b; + Bi(t) represent the node’s logical clock skew
and logical clock offset, respectively.

The goal of distributed time synchronization is to collaboratively update each node’s
compensation parameters «;(t) and B;(t) through limited information exchange among
nodes, such that the logical clocks of the entire network achieve asymptotic consensus in
logical clock skew and practical synchronization in logical clock offset. Specifically, the
desired synchronization objective can be expressed as

lim (x(6) — (6) =0, lim |yi(t) ~ y;(1)| < ey, Vij €V, @
where ¢, > 0 denotes the ultimate bound of the logical clock offset disagreement. In the
ideal case, ¢, = 0 corresponds to exact offset consensus, whereas under the proposed
event-triggered implementation, ¢, is explicitly characterized by the triggering parameters
and the network topology in the convergence analysis.

Unlike existing threshold design approaches that employ constant or monotonically
decaying functions, such as those in [19,25], this work focuses on improving the com-
munication efficiency and load balancing of the event-triggered mechanism itself. This
enables a more adaptive triggering strategy that better matches the synchronization dy-
namics of the network while reducing communication overhead. The adopted network
model and consensus-based synchronization framework remain consistent with existing
synchronization research [7], while the offset synchronization objective is relaxed to prac-
tical synchronization under event-triggered communication. This setting preserves the
generality and comparability of the research context while reflecting the bounded-error
nature of the proposed scheme.

3. Event-Triggered Time Synchronization

This section presents an adaptive event-triggered time synchronization scheme for IloT
networks. The proposed approach integrates a distributed consensus-based logical clock
update rule with a state-dependent event-triggered communication mechanism, aiming
to reduce redundant message exchanges while maintaining high synchronization accu-
racy. Unlike conventional time-triggered synchronization protocols that rely on periodic
information exchange regardless of the network state, the proposed method enables each
node to autonomously determine when to communicate based on its local synchronization
error and the inconsistency observed with neighboring nodes. Consequently, commu-
nication resources are utilized only when necessary, which is particularly beneficial for
resource-constrained IloT networks.
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3.1. Compensation of Logical Clock Skew and Offset

Let T > 0 be the nominal update period measured by the local hardware clock, and let
t}'( denote the absolute instant at which node i performs its k-th update. Node i determines

its update instants according to its local hardware clock, i.e., Ti(i’;() = kT. According to the
hardware clock model in (1), the corresponding absolute update instant satisfies . = kTafbi .

Therefore, although all nodes update every T units measured by their own hardware clocks,

their absolute update instants are generally not aligned because a; and b; differ across nodes.
The resulting update process is thus asynchronous and pseudo-periodic. Moreover, &; <t}<)
and B; (ti) represent the most recently broadcast skew and offset compensation parameters
of node i, respectively. Between two consecutive update instants, these broadcast values
are held constant; i.e.,

ai(t) = E‘i(t;()/
Bit) =Blt), te [t tinn)-

Other clock-related information stored at each node follows a similar piecewise-

)

constant behavior. Using the neighbor information collected within an update interval, we
adopt an update rule similar to [7], with the key difference that some neighbor quantities
are estimated under event-triggered communications. The update laws for skew and offset
compensation at node i are given by:

zxi(t};) = 5@(1’;(_) + |Z\1]1| JGZM (ﬂ,’j &j(l’;{_) — E‘i(t;c_))/ 6)

) = B ) + e & (60 6() + () — () o) - A(1) ) ?

JEN;

Denote by t;'(_ the instant right before node i performs its k-th update. The notation
&;(-) and B;(-) represent the neighbor-related parameters available at node i (received from
the most recent broadcast of node j).

Let a;; denote the relative clock skew (the ratio between the hardware clock skews of
nodes i and j). Although the hardware skew is not directly measurable, a;; can be estimated
using two consecutive broadcast timestamps from node j:

= (4] = (4
o(t1) ~ (%)
Qjj = — (8)
(1) ()
In (8), 7;(+) is the hardware clock reading of node i recorded at the moments when node
j broadcasts at t;{ and t;, while %;(-) denotes the corresponding hardware clock readings of
node j. Note that (7) requires the value of node j’s current hardware clock at node i’s update

instant t;'(. Under event-triggered communications, this value is generally unavailable in
real time, and thus we estimate it by:

‘Z'](t}{) = T]-(f{() +ajj (Ti(t};) - ‘q(f{()) 9)

where f;; denotes the latest broadcast instant of node j known to node i, and f](ti) is the
estimated hardware clock reading of node j at t;'(.
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3.2. Event-Triggered Strategy

To reduce the periodic communication overhead in time-triggered synchronization,
we design an adaptive event-triggered mechanism that responds to local synchronization
state variations and suppresses unnecessary transmissions.

The mechanism consists of two triggering conditions. The first triggering condition
is derived from a Lyapunov function constructed based on the logical clock skew and
the update law (6). This Lyapunov function characterizes the deviation between the
logical clock skew of the current node and the mean value of the sum of the initial logical
clock skews of all nodes. By differentiating the Lyapunov function and applying Young’s
inequality [15], a sufficient condition ensuring the non-increasing property of the Lyapunov
function can be obtained, which leads to the following triggering condition:

(1) - W]ZN (a3 (t) —a(t)) = 0. (10)

In (10), ei(t};) = ai<t§:> — Eci(t;':> denotes the measurement error of node i at time
t; ie., the accumulated variation of the skew compensation parameter since the last
broadcast. When the triggering condition is satisfied, the measurement error of node
i is reset to zero and begins accumulating again; otherwise, it continues to accumulate
until the threshold is reached. If a node does not trigger for several update periods, the
measurement error continues to accumulate until the triggering condition is satisfied.
Meanwhile, the term ;¢ v, (i &j(t;{*) —a;( t;‘;))Z captures the neighbor state discrepancy,
reflecting the inconsistency between node i and its neighbors in terms of logical clock skew.
The parameter g is introduced through Young’s inequality and can be selected as a design
parameter. To maximize the dynamic threshold and thus reduce communication frequency,
we maximize the concave quadratic function g(1 — g), which attains its maximum at g = 0.5.
To ensure stable triggering behavior, we introduce the threshold sensitivity parameter o,
which should satisfy 0 < ¢ < 1. The condition limits the allowable measurement error
relative to the neighbor state discrepancy. In practice, o controls the triggering sensitivity:
smaller values improve convergence and accuracy with higher communication overhead,
whereas larger values reduce communication at the cost of slower convergence. Thus, ¢
should be selected to balance synchronization performance and communication cost.

To prevent a potential reduction in convergence speed during the initial synchroniza-
tion stage, an auxiliary triggering condition is introduced to enhance the responsiveness of
the mechanism in the early phase:

|l3i(f§;> - Bi(t;;)| > c. (11)

However, relying solely on the condition in (11) may lead to persistent oscillations in
synchronization accuracy, since the logical clock error may fluctuate around the order of c
due to the presence of the absolute time t. To address this issue, the threshold defined in
(10) is introduced to adaptively regulate the triggering behavior. Meanwhile, the constant ¢
also serves as a lower bound to prevent an excessive increase in triggering events during
the later stage of synchronization.

After node i updates &; and f; according to (6) and (7), it broadcasts the updated clock
parameters to all neighbors as long as either (10) or (11) is satisfied. The measurement
error describes the accumulated deviation since the last broadcast, while the neighbor
discrepancy essentially represents the average logical skew mismatch between node i and
its neighbors. The complete procedure is summarized in Algorithm 1.
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Algorithm 1 Event-Triggered Adaptive Time Synchronization (ETATS) at node i

Require: Update period T; initial compensation parameters «;(0) and f3;(0).
Ensure: Logical clock synchronization.
1: Initialize &; < a;(0) and B; <+ B;(0).
2: Setk < 0.
3: while the synchronization process is active do
Wait until the local hardware clock reaches t};.
forall j € NV do
Compute aij(t};) according to (8).
Estimate ’i'](t}() according to (9).
end for
Update a;(#,) according to (6).
10.  Update B;(ti) according to (7).
11: Compute the adaptive triggering condition in (10).

O 2 N > gk

12: Compute the auxiliary triggering condition in (11).
13: if (10) is satisfied or (11) is satisfied then

14: Broadcast a;(t.) and B;() to all neighbors.

15: & o(H).

16: Bi < Bi(ty).

17: end if

18: k<« k+1.
19: end while

4. Convergence and Performance Analysis

This section analyzes the convergence properties of the proposed adaptive-threshold
event-triggered synchronization scheme. According to (3), network-wide synchronization
is achieved when both the skew-related state and the offset-related state reach steady
agreement. Under the proposed protocol, we show that the logical clock skew achieves
asymptotic consensus, whereas the logical clock offset converges to a bounded neighbor-
hood whose radius can be explicitly characterized by the design parameters.

4.1. Matrix-Form System Model and Preliminaries

We first rewrite the update laws (6) and (7) into compact forms. For node i, the
skew-related update reads

xi(t;;) - fi(t;(_) + |N11| y fj(t;';) - fi(t;';), (12)

JEN;

and the offset-related update is given by

(1) =) + s 3 () -9(1)
bi ! o (i o (i
+<(|Ni| e |N1-Tk+ 1) ].6% (xf<fk ) _xf(tk ))

To facilitate the analysis, the asynchronous local-clock-driven updates are mapped

(13)

into a global discrete-time sequence indexed by k € Z, . Define the global state vectors

x(k) = [x1(k), 286, .., xa ()], y(k) = [y1(K), ya k), ya()] . (14)

and the vectors of the most recently broadcast states

£(6) = [B1(K), ()., %0)] 9K = [}k K)o 7a0)] . (15)
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The corresponding measurement-error vectors are
ex(k) = x(k) —x(k),  ey(k) =7(k) —y(k). (16)
Based on (12) and (13), we obtain the matrix iteration model
x(k+1) = (I — NxLy) %(k) = Pcx(k), (17)

y(k + 1) = (I - NyLk)y(k) - NyLkey(k) - (NyR + Nyi’k) Lk (x(k) + ex(k)) (18)
Here, I is the identity matrix,

1 1 1 1
N, =diag| —,..., — |, N, = dia S, ,
x ‘g<|N1 |Nn|> y ‘g(|N1|+1 |Nn|+1)

and L is a time-varying Laplacian-like matrix that activates exactly one node at each global

time k (the activated node updates according to the underlying topology, while all other
by by by
a;’ apy’ 7,
matrix collecting the ratios between hardware-clock offset and skew. The representation

nodes keep their states unchanged). Moreover, R = diag is a diagonal
in (17) and (18) converts the original asynchronous event-triggered updates into a switched
discrete-time model. At each global step, the update matrix differs only in the row associ-
ated with the activated node, while the remaining rows keep the corresponding node states
unchanged. Therefore, the effect of asynchronous triggering is captured by the switching
sequence of {Ly}, or equivalently { Py}, rather than by assuming that all nodes are updated
synchronously. This form is convenient for convergence analysis because the evolution of
the global state can be characterized by products of row-stochastic matrices.

To proceed, we introduce the notions of the ergodicity coefficient and the maximum
disagreement (also called maximum discrepancy), together with a lemma similar to that
in [19].

Definition 1 (Ergodicity coefficient). For a row-stochastic matrix F, its ergodicity coefficient is
defined as

v(F)=1- mijn Y min{fix, fic}- (19)
Wok=1

Definition 2 (Maximum disagreement). For a vector v, define

S(v) = max|v; — vj|. (20)
L]

Lemma 1. The function S(-) satisfies:

(i) for any vectors v, w,
S(v+w) <S(v)+S(w). (21)

(i) for any row-stochastic matrix F and any vector v,
S(Fv) < 7(F) S(v). (22)

Since each node updates at least once within any sufficiently long interval and the
underlying graph is connected, there exists an integer M > 0 such that

Peyp- P >0, Vk € Zy. (23)
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Consequently, there exists a constant A € (0, 1) such that
'7’(Pk+M"'Pk) <1-A, Vk € Z+. (24)

Equations (23) and (24) provide the key contraction property used in the subsequent
analysis. They follow from the connected communication topology and the assumption
that each node is activated at least once within a finite update window. The constant A
quantifies the worst-case mixing strength of every M-step matrix product. Hence, the
convergence bounds derived below depend on the network connectivity, the maximum
update window length, and the contraction capability of the corresponding stochastic
matrix products.

4.2. Convergence of the Logical Clock Skew

By construction, the broadcast state %(k) is updated only when a triggering event
occurs. Specifically, if a trigger occurs at time k, then

*(k+1) = Pex(k), (25)
otherwise %(k + 1) = % (k). Sampling every M steps yields
x(kM) = [Pqu . 'P(k—l)M] e [PMfl E Po}f(o)- (26)
Using Lemma 1 and (24), there exists Ay € (0,1) such that
S(x(kM)) < (1 Ax)*S(x(0)), (27)

which implies asymptotic consensus of the broadcast skew states. Moreover, from (17),
the instantaneous skew state x(k + 1) is generated by applying the row-stochastic matrix
Py to the latest broadcast state %(k). Therefore, x(k 4 1) is a convex combination of the
broadcast skew states and does not enlarge their maximum disagreement. Consequently,
the consensus of (k) also implies the consensus of the instantaneous skew state:

lim |x; (k) — x;(k)| = 0. (28)

k—o0

4.3. Convergence of the Logical Clock Offset

The convergence analysis of the logical-clock offset follows a similar framework as
that of the skew, but it requires additional treatment of the coupling terms introduced
by the skew component and the absolute time. By iterating (18) and applying Lemma 1
together with the contraction constant Ay, we obtain the following bound:

S(y(kM)) < (1 - A,)*S(y(0))
kM—1 1+1
+ Y (=AW s(NyLye, (1))
=0

(29)

=

kM1 1+1
+ Y (1 -y (S(NyRle(l)) + S(NyRLjex (1))
1=0

+ S(NytLix(1)) + S(NytiLiex(D)) ).

To derive an upper bound for the logical clock offset, we decompose the right-hand
side of (29) into three components: (i) effect of the initial condition, (ii) accumulated effect
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of measurement errors, and (iii) the coupling terms induced by skew and absolute time.
Each component is analyzed separately in the following paragraphs.

(i)  Effect of the initial condition.

The first term is handled analogously to the skew analysis. As iterations progress, it
decays to zero:
Jim (1 Ay)kS(y(0)) = 0. (30)
— 00

(i) Accumulated effect of measurement errors.

We bound the second term in (29). First, using the Definition 2 and the fact that
N, = diag(1/(|N;| +1)), we obtain

2
S(NyLley(l)) S a ||L]€y(l)||oo. (31)
min
Next,
ey D)l = max| = (eyslt) ~ ey, (1))| < 2max ey 1) @)
JEN;
Combining (31) and (32) yields
4dmax
S(NyLiey() < == ley (D)|o- (33)
min

Moreover, for each component,

ley, /(D] = 7:(1) —yi(l
(34)

Since the triggering rule (11) enforces |B;(I) — B;(1)| < ¢, and &;(I) — «;(I) vanishes as
a consequence of the skew consensus (28), it follows that ||e, (!)]| is ultimately bounded.
Consequently, the second term in (29) is ultimately bounded by a constant determined by ¢
and the network degrees. In particular, we obtain the ultimate bound

lim sup S(N,, Le, (1)) < Admaxc

l—00 dmin

. (35)

Consequently, Part II does not necessarily converge to zero; instead, it converges to
a uniformly bounded neighborhood whose radius is explicitly controlled by ¢ and node
degrees in the network. This is exactly the reason why the offset reaches agreement up to a
finite accuracy bound.

(iii) Coupling terms induced by skew and absolute time.

By the skew consensus (28), we have

]{1;1‘1;10 (x,(k) — x](k)) =0. (36)

Since the time-varying Laplacian-like matrix satisfies L;1 = 0 and x(I) asymptotically
approaches the consensus subspace, L;x(I) — 0. In addition, the skew measurement
error ex(!) is constrained by the skew-triggering condition and decreases with the skew
disagreement; hence, Ljex(I) — 0. It should be noted that the last two coupling terms
in (29) also contain the absolute-time factor ¢;. Under the bounded hardware-clock skew
assumption and the fixed nominal update period, ¢; grows at most linearly with respect to
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the global update index I. In contrast, the skew disagreement established in (27) decays
geometrically. Therefore, the geometric decay of L;x(I) and Ljex(I) dominates the linear
growth of t;, which gives

lim (S(NyRle(l)) + S(NyRLyex(1)) + S(NytiLix(1)) + S(NytlLlex(l))) —0. (%)

[—o0

Combining Parts I-III, from (29) and (35) we obtain

limsup S(y(kM)) < 4dmaxc. (38)
k—o0 )\ydmin
Finally, for any m € {0,1,..., M — 1}, an analogous bound holds:
4Md 1+A
limsup S(y(kM + m)) < maxt(1 + Ay) . (39)

k—c0 Ay@min

Combining Parts (i)—(iii) yields the ultimate bound in (39). Therefore, the logical
clock offset achieves agreement within a finite neighborhood whose radius is explicitly
determined by the constant threshold c, the network topology parameters (e.g., dmax and
dmin), and the contraction factor Ay. This bound is computable and time-invariant, which
guarantees ultimate boundedness of the logical clock offset disagreement.

4.4. Performance Analysis and Discussion with Other Synchronization Paradigms

Beyond theoretical convergence, implementation complexity is also an important
consideration for resource-constrained IIoT nodes. This subsection discusses the practical
deployment cost of ETATS from three aspects; namely, computational overhead, storage
requirement, and communication overhead. It then provides a qualitative comparison
between ETATS and several other synchronization paradigms for industrial networks.

(a) Computational overhead.

Let d; = |N;| denote the number of one-hop neighbors of node i. In each synchroniza-
tion update, ETATS mainly performs relative clock skew estimation, neighbor hardware
clock estimation, logical clock skew compensation update, logical clock offset compensation
update, and triggering condition evaluation. These operations are all based on one-hop
neighbor information and therefore require a linear traversal over ;. Although the pro-
posed adaptive triggering condition introduces an additional neighbor state discrepancy
term, this term also depends only on one-hop neighbor information and can share the same
neighbor traversal with the synchronization update. Therefore, the per-node computational
complexity of ETATS in each update round is O(d;).

(b) Storage requirement.

Each node only needs to store its current and most recently broadcast clock compensa-
tion parameters, the most recently broadcast state information from neighboring nodes,
and the timestamp information required for relative clock skew estimation. Thus, the
storage requirement of ETATS increases linearly with the number of one-hop neighbors,
and the per-node storage complexity is O(d;). In addition, the proposed adaptive triggering
mechanism only introduces a few local scalar variables, such as the threshold sensitivity
parameter, measurement error, and neighbor state discrepancy. It does not require global
topology information, centralized scheduling information, or long-term historical buffers.
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(c) Communication overhead.

Unlike periodic time synchronization mechanisms, ETATS does not require each node
to broadcast its state in every synchronization period. A node broadcasts only when the
adaptive triggering condition or the auxiliary triggering condition is satisfied. Let I;(I)
denote whether node i triggers a broadcast at the I-th update, where I;(I) = 1 if node
i broadcasts and I;(I) = 0 otherwise. After k synchronization update rounds, the total

number of broadcasts is
k n

Cerars(k) = ) ) Li(]) (40)
I=1i=1

In contrast, a periodic synchronization mechanism usually requires nk broadcasts.
Therefore, the communication overhead of ETATS is determined by the actual number of
triggering events rather than by the fixed synchronization period. Since each triggered
transmission only contains the clock-related information required for synchronization, the
payload of each broadcast is of constant order. No additional centralized coordination,
global scheduling, or threshold negotiation message is required.

Furthermore, compared with existing event-triggered threshold methods, the advan-
tage of ETATS does not lie in simply pursuing the minimum number of triggers, but in
improving the effectiveness of each communication event. A constant-threshold method
cannot perceive the real-time synchronization state. If the threshold is too large, a node may
remain silent for a long time, and its neighbors may continuously use stale information,
which limits synchronization accuracy. If the threshold is too small, the triggering frequency
increases. Exponential and inverse-time thresholds vary with time, but their threshold
evolution is governed by predefined functions and lacks a direct connection with the actual
synchronization discrepancy among nodes. In contrast, ETATS incorporates neighbor
synchronization discrepancy into the triggering condition, linking the broadcast behavior
to the real-time synchronization demand. Therefore, its triggering events are generally
more meaningful for synchronization correction: nodes can broadcast in time when their
discrepancies from neighbors are large, while redundant broadcasts are suppressed as
the network approaches synchronization. In this way, ETATS improves the contribution
of each communication event to synchronization accuracy and triggering-load balance
under the same single-broadcast payload, thereby making more effective use of limited
communication resources.

(d) Discussion with other synchronization paradigms.

Other studies in industrial networks have also explored several representative syn-
chronization paradigms, including digital-twin-assisted approaches [29], TSN/PTP-based
mechanisms [30], and Al-assisted methods [31], each with different design principles and
system assumptions. Digital-twin-based methods rely on virtual system models for pre-
diction and optimization, but typically introduce additional modeling and maintenance
overhead. TSN/PTP-based methods achieve high-precision synchronization via standard-
ized protocols and hardware support, but depend on dedicated network infrastructure.
Al-assisted methods improve adaptability through learning-based estimation or parame-
ter tuning, but usually require training data and additional computational resources. In
contrast, the proposed ETATS scheme is a fully distributed event-triggered mechanism
that relies only on local clock information and neighbor interactions. It does not require
digital twins, specialized hardware, or offline training. The triggering rule is derived from a
Lyapunov-based design, ensuring lightweight implementation with theoretical guarantees.
Therefore, ETATS differs from these paradigms in terms of communication model, imple-
mentation requirements, and theoretical design, making it suitable for resource-constrained
IIoT synchronization scenarios.
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5. Simulation Results and Analysis

In this section, numerical simulations are conducted to evaluate the performance
of ETATS. The proposed method is evaluated from the perspectives of convergence
performance, triggering behavior, communication efficiency, and communication load
distribution. To highlight the advantages of the proposed strategy, ETATS is com-
pared with several representative event-triggered synchronization schemes. Further-
more, scalability and robustness are examined under different network sizes and adverse
communication conditions.

5.1. Simulation Setup

A random industrial internet of things consisting of 10 sensor nodes is considered, as
shown in Figure 1. The network topology remains fixed during the simulation, and the
underlying communication graph is undirected and connected. Each node is equipped with
an imperfect hardware clock characterized by an individual clock skew and clock offset.

Figure 1. Random topology of the 10-node Industrial Internet of Things used in the simulations.

To ensure fairness, all synchronization schemes are evaluated under identical network
topology, hardware clock model, and consensus-based update rules, differing only in their
triggering mechanisms. Specifically, the proposed ETATS scheme is compared with the
constant-threshold and exponentially decaying threshold schemes in [19], as well as the
inverse-time threshold scheme in [25].

Hardware clock skews are randomly generated within the interval a; € [0.9999,1.0001],
while the hardware clock offsets are randomly initialized within b; € [0,2 x 107%]. The
logical clock compensation parameters are initialized as «;(0) = 1 and B;(0) = 0. The
update period is fixed at T = 1s, and the total simulation time is 100s. The param-
eters involved in the proposed ETATS triggering mechanism are selected as ¢ = 0.05,
c=cy=2x10"° and g =0.J5.

For all comparison schemes, the triggering condition associated with the logical clock
offset parameter B; follows (11). For the constant-threshold scheme in [19], the triggering
condition for the skew compensation parameter «; is \a,-(t};) — &i(t;;*)| > c¢4. For the
exponentially decaying threshold scheme in [19], the triggering condition is defined as
i () — Eci(t;{* )] > 0.02¢"“Ti(%), where w = 0.5 determines the decay rate. For the inverse-
time threshold scheme in [25], the triggering condition is given by |a;(t;) — &;(t;" )| > #;‘i),

where 7;(t}) represents elapsed local time used to generate the inverse-time threshold.

5.2. Convergence Performance

We first evaluate the convergence performance of the proposed ETATS scheme by
plotting the evolution of the global maximum errors of the logical clock skew. As shown in
Figure 2a, it can be observed that the logical clock skew converges within approximately 10 s
for all four triggering strategies. This rapid convergence is mainly attributed to the auxiliary
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triggering condition in (11), which ensures sufficient information exchange among nodes
during the initial synchronization stage. Among the compared schemes, ETATS achieves
the fastest reduction of the maximum skew error in the early stage. This improvement
results from the triggering condition in (10), which captures neighbor state variations and
enables more effective triggering decisions, thereby accelerating convergence.

4
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Figure 2. The logical clock synchronization error versus time under different schemes: (a) Logical
clock skew; (b) Logical clock.

In the later stage, the constant-threshold and inverse-time threshold schemes exhibit
lower precision than ETATS and the exponential-threshold scheme. This is because these
schemes rely on prescribed thresholds that do not adapt to real-time neighbor state discrep-
ancies, making them less sensitive to measurement error variations and therefore triggering
fewer communications. The inverse-time threshold achieves slightly higher accuracy than
the constant threshold due to the decay term in its triggering condition, which increases
the communication frequency.

Figure 2b illustrates the asynchronous convergence behavior of the evaluated schemes.
The logical clock offset converges after the skew stabilizes, and the entire network reaches
synchronization at approximately 20 s. Compared with the constant-threshold, exponen-
tially decaying threshold, and inverse-time threshold schemes, ETATS achieves a faster
decay of the maximum logical clock error in the initial stage. This improvement stems from
its neighbor-aware dynamic threshold mechanism, which more effectively captures local
synchronization deviations and accelerates convergence.

Meanwhile, the exponentially decaying threshold scheme behaves similarly to a time-
triggered mechanism in the later stage (around 65 s) because the threshold becomes ex-
tremely small and causes persistent triggering. Although this reduces the logical clock error
rapidly, it significantly increases communication overhead. In contrast, ETATS maintains a
better balance between synchronization accuracy and communication cost.

5.3. Triggering Behavior

To investigate the triggering behavior of different event-triggered synchronization
schemes, the triggering instants of all nodes are shown in Figure 3. Triggering events
caused by the dynamic threshold condition and the auxiliary triggering condition are
marked with stars and circles, respectively. For the constant-threshold and inverse-time
threshold schemes, prolonged communication silence occurs once the local synchronization
error falls below the predefined threshold. During these intervals, nodes update their clock
parameters using outdated neighbor information, which may delay error correction and
lead to uneven energy consumption.
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Figure 3. Triggering in these images. instants of all nodes under different event-triggered synchro-
nization schemes: (a) ETATS. (b) Constant-threshold scheme. (c) Exponential-threshold scheme.
(d) Inverse-time-threshold scheme.

In contrast, the exponential-threshold scheme exhibits frequent triggering in the later
stage because the threshold decays rapidly to a value far below the measurement error. As
a result, the communication pattern becomes similar to periodic synchronization, causing
unnecessary communication overhead. Compared with these schemes, ETATS shows a
more balanced triggering pattern. As illustrated in Figure 3a, the auxiliary triggering
condition dominates in the initial stage, producing dense triggering events that accelerate
convergence. After approximately 10 s, the dynamic threshold becomes dominant and
triggering events are more evenly distributed over time, avoiding both prolonged silence
and excessive triggering.

5.4. Communication Load Balancing

To quantitatively evaluate the impact of triggering behavior on network load balancing,
we analyze the total number of broadcasts generated by each node during the simulation.

The distribution of broadcasts reflects the effectiveness of each algorithm in balancing
network energy consumption. Figure 4 presents a histogram of broadcast counts for each
node under different schemes over the entire simulation duration. For the comparison
schemes, noticeable differences in broadcast counts among nodes can be observed, indicat-
ing uneven network load distribution. In contrast, the proposed ETATS scheme produces
the most concentrated and uniform broadcast distribution across nodes.

To further assess the uniformity of triggering behavior, ten independent simulations
were conducted, and the average number of broadcasts per node together with the corre-
sponding standard deviation was computed for each scheme, as shown in Figure 5. Under
the ETATS scheme, the broadcast counts exhibit the smallest standard deviation among
all compared methods, with an average of approximately 45 broadcasts per node over
100 update periods.
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Figure 4. Distribution of broadcast counts per node under different schemes during the entire
simulation period: (a) ETATS. (b) Constant-threshold scheme. (c) Exponential-threshold scheme.
(d) Inverse-time-threshold scheme.
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Figure 5. Average broadcast count per node over ten independent simulations.

Such balanced triggering behavior promotes more uniform energy consumption across
the network and may contribute to extending the overall network lifetime. In addition, the
evenly distributed broadcast counts reduce the probability of simultaneous channel access
by multiple nodes. The simulation results show that the proposed ETATS scheme produces
more balanced triggering patterns with moderate communication overhead.

5.5. Communication Efficiency

For a more comprehensive assessment of communication efficiency, synchronization
accuracy under a fixed communication budget is considered. After running the simulations
for 100s, the synchronization accuracy achieved by different schemes under the same
number of broadcast events is shown in Figure 6.
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Figure 6. The logical clock synchronization error under an equal communication budget: (a) Logical
clock skew. (b) Logical clock.

As illustrated in Figure 6a, the proposed ETATS scheme achieves lower logical clock
skew errors than the constant-threshold and inverse-time threshold schemes under the
same communication budget. This improvement mainly results from the adaptive threshold
mechanism, which dynamically adjusts the triggering sensitivity according to the synchro-
nization state and discrepancies among neighboring nodes, allowing ETATS to utilize
communication opportunities more effectively while avoiding unnecessary transmissions.

As shown in Figure 6b, a similar trend can be observed for the logical clock offset
error. Compared with the constant-threshold and inverse-time threshold schemes, ETATS
achieves better synchronization accuracy under the same communication budget. Although
the exponentially decaying threshold scheme eventually attains slightly higher accuracy
in the later stage, it requires substantially more communication events. This is because
the exponential decay gradually reduces the threshold to a very small value, causing
frequent triggering once the measurement errors become larger than the threshold. In
contrast, ETATS incorporates neighbor state information into the triggering decision and
dynamically adjusts the triggering threshold according to the synchronization state. This
enables a balanced trade-off between synchronization accuracy and communication cost.
The other schemes rely on fixed or purely time-varying thresholds and therefore lack
the flexibility to adapt to dynamic network states, leading either to reduced accuracy
due to conservative communication or excessive communication overhead to achieve
higher precision.

To further quantify communication efficiency, the time and the number of broadcast
transmissions required for each scheme to reach the same global maximum logical clock
error of 2 x 10~® s are compared. This target error is used as a common accuracy criterion, so
that the convergence speed and communication cost of different triggering mechanisms can
be evaluated under the same synchronization requirement. Ten independent simulations
are performed under identical network topology and algorithmic parameters. The averaged
results are shown in Figure 7a.

As illustrated in Figure 7a, under the same synchronization accuracy requirement,
the proposed ETATS scheme achieves the best overall performance among all compared
algorithms. The average convergence time and the total number of broadcasts are 15.8 s
and 96, respectively, indicating that ETATS provides higher communication efficiency when
achieving the desired synchronization accuracy. Moreover, the error bars obtained from ten
independent simulation runs indicate that ETATS exhibits smaller standard deviations in
both convergence time and total number of broadcasts compared with the benchmark meth-
ods. This suggests that the proposed method not only improves the average performance
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but also provides better statistical stability across different simulation runs. In contrast, the
larger variability observed in the benchmark methods indicates that their performance is
more sensitive to stochastic triggering behavior and network dynamics.
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Figure 7. Additional performance comparison: (a) Number of broadcasts and time required to
achieve the same global logical clock error under different schemes. (b) Impact of threshold sensitivity
parameters on communication overhead.

Finally, the influence of the threshold sensitivity parameter o on the performance of
ETATS is investigated. As illustrated in Figure 7b, smaller sensitivity parameters increase
communication overhead, whereas larger parameters significantly reduce communication
load. Specifically, when the sensitivity parameter ¢ is set to 0.25, the number of broadcasts is
391. In contrast, when the sensitivity parameter is reduced to 0.01, the number of broadcasts
increases to 465. This demonstrates negative correlation between the threshold sensitivity
parameter and the communication load. These results are consistent with the theoretical
analysis and confirm that ETATS provides explicit tunability to balance synchronization
performance and communication efficiency, allowing for fine-tuned adjustments based on
specific application requirements.

5.6. Scalability Analysis

To evaluate the scalability of the proposed ETATS scheme, additional simulations
were conducted under random connected topologies with different network sizes. In
addition to the original 10-node network, random connected networks with 30, 50, and
100 nodes were generated. For all network sizes, the hardware clock model, initialization
ranges, update period, simulation duration, and triggering parameters were kept consistent
with those in Section 5.1, so that the influence of network scale could be evaluated under
comparable conditions.

Figure 8a shows the evolution of the maximum logical clock skew error under different
network sizes. Although the initial synchronization deviation varies with the generated
random topology and hardware clock initialization, the skew error decreases rapidly in
all cases. This indicates that the proposed adaptive event-triggered mechanism is not
restricted to the small-scale 10-node topology used in the baseline simulations, but can also
maintain stable synchronization behavior when the number of nodes increases.
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Figure 8. Scalability of ETATS with different network sizes: (a) Maximum logical clock skew error.
(b) Average broadcast count per node.

Figure 8b shows the average broadcast count per node over ten independent simula-
tions. The average numbers of broadcasts for 10, 30, 50, and 100 nodes remain close to each
other, and the corresponding standard deviations are relatively small. These results indicate
that increasing the network size does not lead to a severe concentration of triggering events
on a small subset of nodes. Therefore, ETATS preserves a relatively balanced communica-
tion load across nodes while maintaining effective synchronization performance in larger
random connected IIoT networks.

5.7. Robustness Analysis

To further evaluate the robustness of the proposed method under more realistic indus-
trial communication conditions, several non-ideal scenarios were considered, including
node failures, topology switching, random packet loss, and communication delay with mea-
surement noise. Unless otherwise stated, the simulations were conducted on the 10-node
network used in Section 5.1 with a total simulation time of 100 s.

First, a node failure scenario was considered. In this simulation, nodes 2, 5, and 8 left
the network at different times and stopped broadcasting their clock parameters. As shown
in Figure 9, after the faulty nodes leave the network, the remaining normal nodes still
maintain stable synchronization. The maximum errors of logical clock skew do not exhibit
sustained growth or divergence. This result indicates that ETATS can tolerate partial node
failures under the considered connected residual-network condition.
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Figure 9. Robustness of ETATS under node failures: (a) Maximum logical clock skew error. (b) Distri-
bution of broadcast counts per node.
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Then, a topology switching scenario was designed to simulate temporary link failures
and recoveries caused by obstacles, electromagnetic interference, or link quality fluctuations
in industrial wireless environments. An initial connected topology with 10 nodes was
first generated. The topology was then switched at 20 s, 45 s, 80 s, and 85 s by randomly
removing a proportion of links from the original edge set while checking that the resulting
topology remained connected. The link removal ratios at the four switching instants were
set to 25, 35, 40, and 45%, respectively, to emulate relatively strong link-quality fluctuations.

As shown in Figure 10, the logical clock synchronization error may exhibit short-term
fluctuations around the topology switching instants, indicating that changes in neighboring
relationships perturb the local synchronization update process. Meanwhile, the broadcast
counts may slightly increase around some switching intervals, suggesting that several nodes
need additional broadcasts to readjust their synchronization relationships with neighbors.
Nevertheless, because the topology remains connected in each stage, the error curves return
to stable convergence after a short adjustment period, and no persistent divergence or long-
term loss of synchronization is observed. The broadcast counts among nodes also show
no obvious long-term concentrated triggering or long-term silence, demonstrating that
the proposed event-triggered synchronization method has a certain degree of adaptability
under strongly disturbed connected topology switching.
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Figure 10. Robustness of ETATS under topology change: (a) Maximum logical clock error. (b) Distri-
bution of broadcast counts per node.

For packet loss scenario, packet-loss probabilities of 20, 40, and 60% were considered.
As shown in Figure 11a, both convergence speed and steady-state synchronization accuracy
are affected as the packet-loss probability increases. Nevertheless, the network can still
maintain synchronization within the tested packet-loss range. Figure 11b further shows the
broadcast count of each node when the packet-loss probability is 40%. The communication
load remains relatively balanced among nodes, indicating that random packet loss does not
cause severe triggering-load concentration in the tested scenario. These results show that
ETATS has a certain degree of robustness to medium-to-high random packet loss, although
reduced communication reliability inevitably degrades synchronization performance.
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Figure 11. Robustness of ETATS under random packet loss: (a) Maximum logical clock skew error
under different packet loss probabilities. (b) Distribution of broadcast counts per node when the
packet loss probability is 40%.

Finally, communication delay was investigated. In the simulation, the communication
delay is modeled as an independent and identically distributed Gaussian random variable
(d ~ N (pg,02)), with pg = 2.5 x 107%s and 07 = 10~8s%. Since communication delay
directly perturbs timestamp-based relative clock skew estimation, accumulated estimation
errors may degrade synchronization performance if they are not properly handled. There-
fore, a stochastic-approximation-based estimation method was adopted to reduce the influ-
ence of delay, ie., ﬁij(t;;) = KT] (t;{) -7 (t{)) ) / (Ti (t;g) -1 (tg)) + (k—1)aj; (t;ﬁlﬂ /k,
where 7; (t{)) denotes the time at which node j first broadcast to node i. 4;; (t}c) denotes the

modified estimated value at t..

As shown in Figure 12, compared with ETATS, the stochastic-approximation-based
implementation achieves more stable synchronization under communication delays, indi-
cating that the large-span timestamp estimation method can effectively reduce the influence
of delay-induced estimation errors.
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Figure 12. Synchronization performance of ETATS under communication delay: (a) maximum logical
clock skew error; (b) maximum logical clock error.
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Overall, the above robustness experiments further verify the performance of ETATS
under several representative non-ideal industrial communication conditions. More compli-
cated scenarios, such as persistent disconnection, strongly correlated or bursty packet loss,
non-Gaussian delay, network partitioning, and frequent large-scale node joining or leaving,
will be studied in future work.

6. Conclusions

This study addressed the problem of communication-efficient time synchronization
for Industrial Internet of Things (IloT) networks and proposed an adaptive-threshold event-
triggered synchronization scheme termed ETATS. Unlike conventional event-triggered
approaches that rely on fixed or purely time-varying thresholds, the proposed strategy
introduces a neighbor-aware dynamic triggering mechanism that jointly exploits locally
accumulated clock deviations and synchronization discrepancies observed from neighbor-
ing nodes. This mechanism allows the triggering process to adapt to the instantaneous
synchronization state of the network and improves the efficiency of communication utiliza-
tion. Theoretical analysis shows that the proposed scheme guarantees consensus of logical
clock skews and ensures that the logical clock offset disagreement converges to a bounded
neighborhood. Simulation results demonstrate that ETATS achieves faster convergence
and significantly improves communication efficiency compared with several representative
event-triggered synchronization schemes. In particular, the proposed method effectively
reduces redundant broadcast transmissions while maintaining competitive synchronization
accuracy, which is highly desirable for resource-constrained IloT systems. Future work will
extend the proposed framework to more realistic industrial network environments, includ-
ing communication delays, packet losses, and dynamically changing network topologies.
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