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Abstract  In clustered wireless sensor networks (WSNs), re-
shaping the topology can redistribute cluster head load, but each
such task consumes energy. This paper studies the refresh timing
problem in static clustered WSNs, where the controller decides
not only whether to rebuild the topology but also determines
the time over which the selected topology remains active. The
proposed method formulates topology maintenance as a semi-
Markov adaptive holding-time control problem. At each control
epoch, the controller selects a refresh indicator, a target cluster
count, and a holding time. The topology builder uses explic-
it cluster head election, nearest head member association, and
intra-cluster chain forwarding with one-hop cluster head trans-
mission to the base station. Under nominal deployment, the
proposed controller reaches a half-node death (HND) point of
1969.1 ±8.4 rounds with 0.104 J of control energy, while periodic
refresh with T = 10 reaches 1819.7 ±32.6 rounds and consumes
1.133 J. Across seven tested deployment scenarios, the proposed
method gives a higher HND point with lower control energy
than the tested refresh-enabled baselines. Therefore, the method
is positioned as a lifetime overhead control mechanism, favoring
lower control energy and longer mid-life operation, whereas pe-
riodic refresh remains preferable when delivery performance is
the primary objective.

Keywords  adaptive holding time, energy efficiency, semi-Markov
control, topology refresh, wireless sensor networks

1. Introduction

Clustered wireless sensor networks (WSNs) are used in envi-
ronmental monitoring, smart agriculture, industrial sensing,
and infrastructure supervision, as local data aggregation at
cluster heads is capable of reducing the requirement for long-
range radio transmissions from battery-powered sensor nodes
to the base station [1]–[4]. In a clustered deployment, the op-
erating bottleneck is not only the selected network topology,
but also the process of updating that topology. Over subse-
quent communication rounds, residual energy, cluster head
forwarding load, and member-to-cluster assignment may drift
from the state used during the topology design phase, moti-
vating a topology refresh before energy imbalance becomes
severe.

A topology refresh is useful only when its reduction in da-
ta plane energy and energy offsets the added control energy
cost. Frequent refreshes increase the overhead of status re-
porting, cluster head announcement, member reassociation,
and schedule dissemination. Delayed refresh keeps an aging
cluster assignment active after the residual energy distribu-
tion has changed, which can increase forwarding load on
energy-depleted nodes. This paper studies clustered topology
maintenance as a re-synchronization control problem, where
the controller decides both the re-synchronization action and
the holding time of the resulting topology.
Existing WSN clustering studies focus primarily on improving
topology after reconfiguration. LEACH and HEED provide
the classical baselines for cluster head rotation and energy-
aware hybrid clustering [5], [6]. Recent studies further refine
cluster operation through graph-based construction, energy-
balanced routing, fuzzy or heuristic decision rules, and rein-
forcement learning-aided control [7]–[11]. These methods
improve cluster head selection, forwarding load distribution,
or route quality when the network decides to update its topol-
ogy. The present papers address a narrower timing issue.
The holding time of the selected topology is usually set to
a fixed period or a one-step control clock, so its effect on
control energy cost and residual energy drift is not explicitly
controlled.
This paper makes the holding time of a topology control
decision an explicit control variable. At each control epoch,
the controller selects a refresh indicator, a target cluster count,
and a holding time, rather than simply deciding whether
to refresh the clustered topology. This converts topology
maintenance into a variable duration control problem, where
refresh responsiveness and control energy expenditure are
handled within the same decision layer. The topology design
module is kept explicit through cluster head election, nearest
head member association, and intracluster chain forwarding,
while the proposed controller operates above it to determine
when to update the topology and for how long the updated
topology should remain active.
The presented work is organized around three technical el-
ements. First, clustered WSN topology maintenance is for-

56
This work is licensed under a Creative Commons Attribution 4.0 International (CC BY 4.0) License.

For more information, see https://creativecommons.org/licenses/by/4.0/
JOURNAL OF TELECOMMUNICATIONS
AND INFORMATION TECHNOLOGY 2/2026

https://doi.org/10.26636/jtit.2026.2.2598
https://creativecommons.org/licenses/by/4.0/


A Lightweight Adaptive Holding-time Policy for Clustered Wireless Sensor Networks

mulated as an adaptive holding time problem with explicit
control energy accounting, cluster head election, and mem-
ber association. Second, a factorized semi-Markov controller
separates the triggering of refresh, the selection of the cluster
count, and holding time selection, making the action structure
consistent with the operation sequence of clustered topology
maintenance. Third, an evaluation examines nominal opera-
tion, fixed duration baselines, a holding-time-blind ablation,
deployment changes, connectivity-based QoS proxies, imper-
fect state observation, cluster count sensitivity, and runtime
complexity.
In the clustered WSN setting under consideration, exposing
the topology holding time as a control variable reduces un-
necessary topology refreshes, lowers the control energy cost,
and improves the HND operating point relative to fixed pe-
riod and holding-time blind refresh policies. This benefit is
obtained at the cost of lower performance compared to the
periodic refresh approach, which remains preferable when
delivery performance is the primary objective. Therefore, the
results should be interpreted as a lifetime overhead operating
trade-off, and not as dominance over all lifetime or delivery
metrics.
The remainder of the paper is organized as follows. Section 2
reviews clustering, adaptive topology refresh, and variable-
duration control. Section 3 defines the network model, topolo-
gy design, energy accounting, and the retention time objective.
Section 4 presents the proposed control pipeline. Section 5
describes the experimental protocol. Section 6 presents the
results and limitations, while Section 7 concludes the paper.

2. Related Works

Recent works on clustered WSNs first and foremost address
the designed spatial structure developed after a topology up-
date. LEACH rotates the cluster head role to distribute energy
consumption among sensor nodes, while HEED incorpo-
rates residual energy and communication cost into the cluster
head selection process to improve energy-sensitive cluster
formation [5], [6].
Later studies refine this topology construction layer through
graph-based clustering, energy-balanced path-tree design,
dynamic clustering, and chain- or tree-based forwarding
structures [7], [9], [10]. Stable clustering, redundancy-aware
topology control, and energy-constrained cluster formation
have also been studied to improve cluster head selection,
member association, and forward load distribution [12]–[14].
These methods improve the topology installed after the net-
work decides to update its structure. They do not directly
control how long the installed topology should remain active
before the next network state observation.
State-aware WSN control has also been studied through fuzzy
inference, hedge algebra, and heuristic decision rules. These
methods use residual energy, distance, load, or link-related
descriptors to support cluster head selection and routing
decisions under uncertain network conditions [15].

Fuzzy and heuristic WSN schemes further show that energy
and load descriptors are useful inputs for distributed control
when residual energy decreases unevenly across the network
[8].
This line of work is relevant to the present paper, as it confirms
the value of compact network state indicators. Its control
object, however, is usually the cluster head choice, routing
decision, or rule output inside a predefined update loop. The
persistence time of the selected topology control decision is
not treated as a separate operating variable.
Adaptive clustering and learning-based WSN control move
beyond one-shot topology design by conditioning actions on
the observed network state. Recent work on Q-learning-based
routing, dynamic topology reconfiguration, and intelligent
clustering adapts routing or cluster organization to residual
energy evolution, traffic changes, or topology degradation
[10], [11], [16]. These schemes are closer to the setting
considered here, since the control action changes along with
the network condition.
The remaining timing issue is more specific. In many adaptive
schemes, the decision clock is still imposed by a fixed period
or by a one-step update rule and, hence, the controller can
choose what action to take but is not capable of determining
how long the resulting topology control decision should
persist.
This timing issue is important, because the cost of topolo-
gy refresh and the effects of topology aging affect network
performance over different time scales. A frequent refresh
can correct cluster assignment and forwarding-load imbal-
ance earlier, but it increases status reporting, cluster head
announcement, member reassociation, and schedule dissem-
ination overhead. A long holding time reduces the control
energy cost, but the retained cluster assignment may drift
from the current residual energy distribution. Therefore, fix-
ing the update interval removes a degree of control freedom
that is directly tied to the HND overhead operating point.
Semi-Markov decision processes and temporally extended
actions provide the control structure needed for this degree of
freedom. In a semi-Markov model, the selected action can
remain active for a variable number of time steps, before the
next decision is made [17]. The repetition follows the same
principle by allowing the controller to choose both the action
and its execution duration [18]. This mechanism aligns with
clustered WSN topology maintenance, because a topology
refresh incurs an immediate control energy cost, whereas
the effect of the refreshed topology accumulates over several
communication rounds.
This paper addresses a temporal control layer above clustered
topology development. It does not replace the head election,
member association, or the design of the forwarding structure.
Instead, it treats the holding time of the installed topology
as a controller output and evaluates whether this variable
improves the HND overhead operating point at the expense of
an explicit topology refresh cost. This separates the proposed
problem from general WSN clustering and from learning-
based routing methods that retain a fixed decision clock.
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3. System Model and Problem
Formulation

3.1. Network and Topology Model

Consider a static clustered WSN withN sensor nodes and one
base station. The network evolves over discrete communica-
tion rounds indexed by t. Let Vt denote the set of alive nodes
and let Gt denote the active clustered topology. The topology
consists of the cluster head set Ht, the member association
map, and the intra-cluster forwarding structure. In the evalua-
tion model, each cluster uses a PEGASIS-style intracluster
chain, and each cluster head forwards aggregated traffic to
the base station through a one-hop uplink. This topology
model is therefore a clustered chain-assisted structure, not an
unrestricted multi-hop routing graph.
When a reconfiguration event is triggered, the topology
builder first elects cluster heads from the alive node set. For
each active node i ∈ Vt, the cluster head quality score is:

qi(t) = 0.4
(
1− di,BS
dmax

)
+ 0.3 ci(t) + 0.3

ei(t)
E0
, (1)

where di,BS is the distance from node i to the base station,
dmax is the largest node-to-base-station distance in the de-
ployment, ci(t) is the normalized centrality descriptor used
by the topology builder, ei(t) is the residual energy, and E0
is the nominal initial energy.
Equation (1) specifies the election rule used in the evaluation.
A node obtains a higher score when it is closer to the base
station, more central within the deployment, and has higher
residual energy.
For a target cluster count Cn, the cluster head set is:

Htn = TopCn
{
qi(tn) : i ∈ Vtn

}
, (2)

where TopCn returns theCn highest scoring alive nodes, with
|Htn | = min(Cn, |Vtn |).
Equation (2) enforces the count of the requested cluster when
enough alive nodes remain in the network. It also prevents
depleted nodes from being selected as cluster heads.
Each non-head node is then associated with the nearest se-
lected cluster head:

ai(tn) = arg min
h∈Htn

di,h, i ∈ Vtn \ Htn . (3)

Equation (3) defines the member association rule used after
the cluster head election. Once the members are assigned,
an intra cluster chain is constructed inside each cluster, and
the resulting clustered topology remains active until the next
refresh event.

3.2. Topology Age, State, and Composite Action

The topology age is updated as:

τt =

{
0, if a new topology is installed at round t,
τt−1 + 1, otherwise.

(4)

Equation (4) records the number of communication rounds
during which the current clustered topology has remained ac-
tive. A larger τt indicates that the retained cluster assignment

and forwarding structure have been used for more rounds and
may have drifted from the current residual energy distribution.
At the decision epoch n, the controller observes:

sn =
[
ēn, σe,n, e

min
n , e

max
n , ē

ch
n , σ

ch
e,n, φn, C

cur
n ,

τn, κn, Ê
data
n−1 , Ê

ctrl
n−1, I(un−1 = 1)

]
,

(5)

where the entries describe the residual energy statistics, clus-
ter head energy statistics, alive node ratio, active cluster count,
topology age, energy imbalance and recent data/control ener-
gy.
Equation (5) supplies the controller with compact network
state descriptors and the recent cost of topology maintenance.
These descriptors are used to decide whether the current
topology should be retained or updated.
The controller selects:

an = (un, Cn, dn), (6)

where un ∈ {0, 1} is the refresh indicator, Cn ∈ C is the
target cluster count, and dn ∈ D is the holding time.
The next decision epoch is:

tn+1 = tn + dn. (7)

Equation (7) makes the decision clock action dependent. The
selected holding time determines how long the current control
decision remains active before the state of the controller
observes the network again.

3.3. Energy Accounting and Utility Interpretation

The round-level energy consumption is separated into data
plane and control plane components:

Etott = E
data
t + Ectrlt . (8)

Equation (8) makes topology refresh part of the network ener-
gy cost rather than treating the reconfiguration as a cost-free
operation. The data plane component includes transmission,
reception, and aggregation energy:

Edatat =
∑
i∈Vt

E
tx/rx
i,t +

∑
h∈Ht

Eaggh,t . (9)

Equation (9) collects the energy used for data forwarding and
local aggregation. The second term captures the addition-
al cost of aggregation at the selected cluster heads. When
topology refresh is triggered at tn, the control plane energy
is formulated as cost:

Ectrltn = un|Vtn |
(
estatus + econfig

)
, (10)

Ectrlt = 0 for non-refresh rounds within the same holding
segment.
Equation (10) models refresh overhead, as the status reporting
and configuration dissemination costs are paid by the alive
nodes when the clustered topology is rebuilt.
For a candidate decision (u,C, d), the idealized d-round utility
can be written as:

∆t(C, d) =
d−1∑
i=0

(
Edata,keept+i − Edata,actt+i (C)

)
− Ectrlt (u,C).

(11)
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Equation (11) is used only to interpret the refresh-timing
trade-off. A refresh is useful when the data plane energy re-
duction obtained by rebuilding the topology is large enough
to offset the one-time control plane cost. A shorter holding
time improves responsiveness to residual energy drift, where-
as a longer holding time gives more rounds over which the
refresh cost can be amortized.

Theorem 1. For a horizon of T communication rounds, if
dn ­ dmin for every control epoch, then the number of control
opportunities satisfies:

Nep(T ) ¬
⌈
T

dmin

⌉
, (12)

and the cumulative control energy satisfies:

Ecumctrl (T ) ¬ N
(
estatus + econfig

) ⌈ T
dmin

⌉
. (13)

Proof. Each decision epoch covers at least dmin commu-
nication rounds. Hence, over a horizon of T rounds, the
number of control opportunities is upper-bounded by (12).
At each refresh event, the control-plane charge is at most
N(estatus + econfig) because no more than N nodes can be
alive. This gives the cumulative control-energy bound in
(13).

Theorem 1 does not define an optimal policy. It states the
structural role of the holding time. Increasing the minimum
holding time directly limits the maximum refresh frequency
and the worst-case accumulation of control plane energy.
Because each action remains active for dn communication
rounds, the segment reward is:

r̄n =
dn−1∑
i=0

λirtn+i, 0 < λ ¬ 1, (14)

and the long-horizon objective is:

J(πθ) = Eπθ

[
∞∑
n=1

γn−1r̄n

]
. (15)

Equations (14), (15) evaluate a topology control decision
over its full holding segment, instead of only at the first
communication round after refresh. This is the level at which
topology aging, residual energy drift, and refresh overhead
jointly affect the lifetime overhead trade-off.

4. Proposed Adaptive Holding-time
Controller

4.1. Pipeline Overview

The proposed controller is organized as a four-block pipeline.
The first block extracts compact state descriptors from the
current network condition. The second block selects the
factorized action (un, Cn, dn). The third block rebuilds the
clustered topology only when un = 1, using the topology-
construction rules in Eqs. (1) – (3). The fourth block executes
dn rounds of data communication and returns the accumulated
segment reward for the learning update.

This separation keeps the role of each module explicit. The
learning policy controls refresh triggering, cluster-count se-
lection, and holding time, while the cluster-head election and
member-association rules remain fixed and are evaluated.
The reward in round t is:

rt = αφt − β Êdatat − γc Êctrlt − δ κt, (16)

where φt is the alive-node ratio, κt is the energy-imbalance
descriptor, and the energy terms are normalized by the initial
network energy.
Equation (16) promotes node survival while penalizing the
data plane energy, control plane energy, and residual energy
imbalance. As a result, topology refresh is selected only when
its expected benefit outweighs the additional control plane
charge.

4.2. Factorized Policy and Learning Update

The policy is factored as follows:

πθ
(
an|sn

)
= π(u)θ

(
un|sn

)
π
(C)
θ

(
Cn|sn, un

)
× π(d)θ

(
dn|sn, un

)
.

(17)

Equation (17) separates the refresh decision from the topolo-
gy scale decision and the hold time decision. This structure
follows the operating sequence for clustered topology main-
tenance. The controller first decides whether to update the
current topology. When a refresh is selected, the target cluster
count determines the new topology scale. The holding-time
branch then determines how many communications rounds
the resulting control decision remains active before the next
control epoch.
The critical target is:

yn = r̄n + γ Vψ
(
sn+1

)
, (18)

and the critical loss is:

Lcritic = E
[
(Vψ(sn)− yn)2

]
. (19)

Equations (18), (19) train the value estimator using the return
accumulated over a complete holding segment, rather than
only the immediate communication round after a refresh
decision. This is consistent with the operating sequence for
clustered topology maintenance, where a selected topology
remains active for multiple rounds before the next control
epoch.
The advantage estimate is as follows:

Ân = r̄n + γ Vψ(sn+1)− Vψ(sn), (20)

and the actor update follows::

∇θJ ≈ E
[
∇θ log πθ(an|sn)Ân

]
. (21)

Equation (21) assigns credit to the complete control tuple
(un, Cn, dn) according to the multi-round network outcome
produced by that tuple. This credit assignment is needed,
because the control plane refresh cost is borne immediately,
whereas the effect of the selected topology and holding time
appears over subsequent communication rounds.
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Algorithm 1 Adaptive holding-time topology control
Require: Deployment, energy parameters, cluster count set
C, holding-time set D, actor parameters θ, critical pa-
rameters ψ

1: for each training episode do
2: Reset residual energy, alive node set, and initial

clustered topology
3: while the termination condition is not met do
4: Design the control state sn using Eq. (5)
5: Sample the control tuple:

(un, Cn, dn) ∼ πθ(·|sn)
6: if un = 1 then
7: Elect cluster heads using Eq. (1)
8: Associate members using Eq. (3)
9: Charge the control plane energy

using Eq. (10)
10: end if
11: Execute dn communication rounds under the

active clustered topology
12: Accumulate the segment reward r̄n
13: Design the next control state sn+1
14: Update the critic using Eq. (19)
15: Update the actor using Eq. (21)
16: end while
17: end for

4.3. Algorithm and Complexity

Algorithm 1 separates the timing decision from the topology
construction rule. The actor selects whether to refresh, which
cluster count to use, and how long the resulting control
decision remains active. The topology builder is invoked
only when un = 1. Otherwise, the network continues data
communication under the retained clustered topology.
The complexity of topology construction per refresh event is:

Otopo = O

(
|Vt| log |Vt|+ |Vt|Cn +

∑
h∈Ht

|Ch,t|2
)
, (22)

where the three terms correspond to cluster head ranking,
nearest head member association, and intra-cluster chain
construction, respectively. Equation (22) also shows that
topology construction is paid only at refresh events, not during
every data packet transmission.
The policy inference cost is proportional to the number of
actor parameters:

Opolicy = O(Pθ). (23)

Tab. 1. Deployment scenarios used for evaluation.

ID Nodes/field BS position Purpose

S0 100, 100× 100 [150, 50] Nominal
S1 50, 100× 100 [150, 50] Sparse density
S2 150, 100× 100 [150, 50] Dense density
S3 100, 150× 150 [225, 75] Larger field
S4 100, 100× 100 [50, 50] Centered BS
S5 100, 100× 100 [200, 50] Far BS
S6 100, 100× 100 [150, 50] Heterogeneous E0
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Fig. 1. Comparison of FND, HND and LND comparison under the
nominal deployment.

Equation (23) applies only at control epochs and is incurred
on the controller side. The sensor nodes do not execute the
learning-based controller. They only receive and follow the
disseminated topology configuration.

5. Experimental Design

The nominal setting uses N = 100 nodes in a 100× 100 m
field, a base station (BS) at [150, 50], initial energy E0 =
0.5 J, and 12 000 maximum rounds. The holding-time set is
D = {3, 5, 7, 10, 14}, and the baseline cluster count candi-
date set is C = {3, 4, 5, 6, 7, 8}. Each main result is evaluated
over 30 random seeds.
The baselines are static topology, periodic re-update with
T = 10, always refresh, fixed-holding-time controllers with
d ∈ {3, 5, 7, 10, 14}, a holding-time-blind adaptive controller
(u,C)with fixed d = 7, and the proposed controller (u,C, d).
A flat-action DQN baseline is also evaluated as an internal ac-
tion factorization ablation. The evaluation scenarios are sum-
marized in Tab. 1. They are designed to determine whether
the result is limited to a single nominal deployment. The sce-
narios vary in node density, field size, base station location,
and initial energy heterogeneity.
WSN performance is evaluated through lifetime (Fig. 1),
topology maintenance overhead, and service-related metrics.
Lifetime is measured based on first node death (FND), half-
node death (HND), and last node death (LND). Overhead
is measured based on control energy (CtrlE), refresh count,
and average holding time. Service behavior is summarized
by connectivity-based delivery, hop-count delay, throughput,
coverage at HND, and Jain fairness at HND. These service-
related metrics are treated as proxies, because the simulator
does not include a full MAC layer scheduler, contention,
retransmission, or stochastic physical layer decoding.

6. Results and Discussion

6.1. Nominal Lifetime Overhead Performance

Table 2 and Fig. 2 present the nominal comparison. The
proposed controller attains 1969.1 ±8.4 rounds in HND with
only 0.104 J control energy. Periodic refresh with T = 10
achieves 1819.7 ±32.6 rounds and consumes 1.133 J. Always
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Tab. 2. Comparison of nominal lifetime and control energy (30
runs).

Method FND HND LND CtrlE [J]

Static 421.9
±52.7

1988.3
±2.1

5749.2
±212.2 0.000

Periodic
T = 10

1056.7
±152.7

1819.7
±32.6

2219.4
±171.1 1.133

Always
refresh

837.5
±128.0

1556.0
±47.1

1939.8
±119.3 8.969

Fixed d = 7 1014.4
±176.9

1811.5
±27.0

2136.8
±142.6 1.577

Fixed d = 14 984.8
±191.9

1848.5
±27.6

2184.9
±166.3 0.803

No interval
(u,C)

1218.4
±145.9

1846.3
±17.6

2101.6
±105.1 1.651

Proposed
(u,C, d)

903.6
±54.6

1969.1
±8.4

2391.5
±89.1 0.104

refresh performs worse, because the topology is updated too
aggressively and 8.969 J is spent on control energy.
The observation is metric-specific. The proposed controller
does not maximize the FND, as the no-interval ablation reach-
es a higher FND point. Its advantage appears in HND, LND,
and controlled energy. Compared to no-interval ablation, the
proposed controller improves HND by 122.8 rounds and re-
duces the control energy by approximately 15.9×. This shows
that the holding-time branch suppresses unnecessary topology
refreshes and shifts the operating point toward longer mid-life
and late-life network operation at lower control energy cost.

6.2. Fixed Holding Time and Factorization Effects

The fixed-holding-time baselines show the limitations of us-
ing a single designer-selected update period. The best fixed
baseline in Tab. 2 is d = 14, which reaches 1848.5 HND
rounds with 0.803 J of control energy. The proposed con-
troller reaches 1969.1 HND rounds with 0.104 J of control
energy. Therefore, the improvement is not explained by se-
lecting a long holding time. The controller jointly decides
whether to refresh the topology and how long the selected
topology control decision should remain active, so the refresh
is triggered only when the observed network state justifies
the additional control plane charge.
The flat-action DQN ablation further examines the factorized
action structure in Eq. (17). With the same state descrip-
tors and reward, the flat-action DQN reaches 1930.5 ±15.9
HND but consumes 0.302 J of control energy, which is about
2.84× higher than the proposed factorized controller in the
matched ablation setting. This result supports separating re-
fresh triggering, cluster count selection, and hold-time selec-
tion. It is used only as an internal action-structure ablation,
not as a substitute for external WSN clustering or routing
baselines.

6.3. Cluster Head Election and Topology Verification

The topology construction verification checks the lower lay-
er clustering process used in the evaluation model. Across
the verified refresh events, no depleted node is selected as
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Fig. 2. Energy decomposition under nominal deployment.

a cluster head. Every alive non-head node is associated with
exactly one cluster, and the realized number of cluster heads
matches the requested Cn whenever |Vt| ­ Cn. The mean
topology development time is 104.3 ms in the verification run,
while the broader runtime profile in Subsection 6.8 reports
a mean topology build time of 147.6 ms. In the evaluation
model, a topology update is therefore executed within one
control epoch. This timing result should not be interpret-
ed as distributed reconfiguration latency in a physical WSN
deployment.
This verification fixes the interpretation of the proposed con-
troller. The learning policy does not depend on an unspecified
clustering routine. It decides when to invoke the topology
builder, which cluster count to request, and how long the re-
sulting clustered topology should remain active. Cluster head
election, member association, and intra-cluster chain con-
struction are defined by the topology construction module
described in Section 3.

6.4. Multi-scenario Validation

Table 3 and Fig. 3 show the validation for seven scenarios.
The proposed method provides a better HND-CtrlE operat-
ing point than the best non-static refresh-enabled competitor.
The largest gains occur when the field is enlarged, or the base
station is moved farther away, because topology refresh be-
comes more expensive and holding-time control can amortize
that cost.
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Fig. 3. HND versus control energy in seven deployment scenarios.
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Fig. 4. Comparison of HNDs for tested scenarios.

The comparison also reveals where the gain is small. In S4,
the base station is placed in the center of the field, reducing
communication costs and making simple refresh policies more
competitive. The HND gap is only 15.1 rounds. This indicates
that adaptive holding time is most useful when refresh cost
and topology staleness create a pronounced trade-off.

6.5. Connectivity-based Delivery, Coverage, and Fairness

Table 4 and Fig. 4 report the service-related proxies used to
complement lifetime and overhead metrics. Periodic refreshes

achieve a higher connectivity-based delivery value, because
they update the clustered topology more frequently. The
proposed controller refreshes less frequently, so the retained
topology can age for more communication rounds. This
produces a clear operating trade-off. The proposed method
improves the overhead operating point, whereas periodic
refreshing better preserves delivery-oriented performance.
The main limitation appears in S5, where the base station is
farther from the sensing field. The proposed controller still
improves the HND in this scenario, but its connectivity-based
delivery value decreases to 0.352. This indicates that reduc-
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Fig. 5. Service-related proxy, coverage, and fairness.

ing the topology refresh frequency can extend the lifetime
of the network while weakening delivery-oriented perfor-
mance. For deployments where delivery performance is the
primary objective, the controller would require a stronger
delivery-oriented reward term, a different relay/base station
placement, or a topology builder designed explicitly for de-
livery preservation.

6.6. Sensitivity to Imperfect Network-state Observation

Table 5 and Fig. 5 report the sensitivity of the proposed
controller to residual energy observation noise and delayed
network state information. The residual energy observation
noise with σ ∈ {0.02, 0.05, 0.10} changes HND by less than
0.2% relative to the clean proposed-policy reference. State-

Tab. 3. Comparison of multi-scenario HND overhead against the
best non-static refresh-enabled competitor.

Scen. Proposed
HND CtrlE Best competitor HND gap

S0 1969.3 0.108 No interval +120.5
S1 1927.0 0.049 No interval +160.3
S2 1980.7 0.174 Fixed d =14 +95.5
S3 1956.6 0.134 No interval +523.1
S4 1985.0 0.051 Fixed d =14 +15.1
S5 1972.0 0.157 Fixed d =14 +506.6
S6 1947.1 0.098 No interval +127.7

Tab. 4. Delivery, coverage, and fairness under periodic refresh and
the proposed controller.

Scen. Method Delivery Cov.@HND Jain@HND

S0 Periodic 0.996 0.743 0.528
S0 Proposed 0.700 0.869 0.192
S2 Periodic 0.997 0.829 0.538
S2 Proposed 0.700 0.929 0.117
S5 Periodic 0.989 0.691 0.738
S5 Proposed 0.352 0.867 0.175
S6 Periodic 0.998 0.844 0.679
S6 Proposed 0.772 0.908 0.686

Tab. 5. Sensitivity of the proposed controller to imperfect observa-
tion of the state of the network.

Perturbation HND CtrlE [J] HND change

Clean 1967.3 ±10.7 0.109 0.00%
Noise σ = 0.02 1969.8 ±6.9 0.104 +0.13%
Noise σ = 0.05 1967.9 ±8.3 0.104 +0.03%
Noise σ = 0.10 1970.6 ±9.4 0.092 +0.17%

Delay∆ = 1 1980.4 ±2.7 0.074 +0.67%
Delay∆ = 2 1979.6 ±2.4 0.085 +0.63%
Delay∆ = 5 1979.9 ±2.8 0.100 +0.64%

observation delay with ∆ ∈ {1, 2, 5} control epochs keeps
HND within 0.67% of the clean reference.
These results show limited sensitivity to the perturbation
levels in the state vector. The evaluation covers residual
energy observation noise and short state observation delays.
It does not cover packet loss, node mobility, MAC contention,
bursty traffic, or adversarial sensing errors. The result should
therefore be interpreted as state observation sensitivity within
the tested operating range, not as general robustness to all
deployment impairments.

6.7. Cluster Count Selection Sensitivity

The cluster count sensitivity study explains how the controller
constrains the choices for cluster count. The controller does
not optimize a continuous cluster count. It selects Cn from
a predefined finite candidate set. Table 6, Figs. 6 – 7 show
that the baseline set C = {3, 4, 5, 6, 7, 8} gives the highest
proposed-policy HND among the evaluated candidate sets.

Tab. 6. Sensitivity of the candidate set with cluster count for the
proposed controller.

Set Values HND CtrlE [J] Avg. C

Cbase {3, 4, 5, 6, 7, 8} 1967.5 ±11.8 0.107 3.34
C1 {4, 6, 8} 1863.2 ±38.4 0.829 5.22
C2 {5, 8, 10} 1916.8 ±25.4 0.285 5.41
C3 {6, 10, 14} 1921.3 ±23.9 0.191 6.13
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The results indicate that the low cluster count options, espe-
cially the three- and four-groups, are useful under the eval-
uated deployment geometry and energy model. When the
candidate set starts at 4 or 5 clusters, the controller is forced
toward larger topologies, increasing control energy cost and
reducing HND. The cluster count set is therefore an engi-
neering design choice that should match the node density, the
sensor field size, and the placement of the base station.

6.8. Training, Runtime, and Deployment Complexity

The controller uses a 13-dimensional state vector. Both the
actor and critical models use two hidden layers with 256 units,
LayerNorm, and ReLU activation. The actor has three output
heads for the refresh indicator u, cluster count C, and holding
time d. Adam is used with a learning rate of 3×10–4 and
a discount factor of 0.99. The implemented model has 73 741
actor parameters and 70 657 critic parameters, for a total of
144 398.
The runtime profile separates off-line training from online
controller execution (Fig. 8). Policy inference takes 2476
±797 µs per control call, with a 95-th percentile of 3628 µs.
Topology construction takes 147.6 ±38.4 ms per refresh
event, with a 95-th percentile of 197.4 ms. These values
are measured on the controller side. The sensor nodes do
not execute the learning-based controller. They only receive

the topology configuration and follow the resulting cluster
assignment and forwarding schedule.

7. Conclusions

This article studied clustered WSN topology maintenance
from the perspective of adaptive holding time. The controller
decides whether to refresh the topology, which cluster count
to use after the refresh, and how long the resulting topology
control decision should remain active. The lower layer topol-
ogy builder is specified through cluster head scoring, nearest
head member association, and chain-assisted intra-cluster for-
warding with one-hop cluster head transmission to the base
station.
The results show a consistent lifetime-overhead trade-off. Un-
der nominal deployment, the proposed controller improves
HND from 1819.7 ±32.6 rounds with periodic refresh to
1969.1 ±8.4 rounds, while reducing the control energy from
1.133 J to 0.104 J. Across the seven tested deployment sce-
narios, the proposed method provides a better HND overhead
operating point than the tested refresh enabled baselines. The
state observation tests also show limited sensitivity to the
evaluated residual energy noise levels and short observation
delays.
The operating gain is not universal across all metrics. The
proposed controller does not maximize FND and does not
preserve connectivity-based delivery or periodic refresh.
In the far base station scenario, the delivery value is low
even though HND remains high. Therefore, adaptive holding
time should be interpreted as a lifetime overhead control
mechanism for the considered clustered chain topology model,
not as a general QoS-maximizing topology policy.
Future work should extend the evaluation to MAC layer packet
scheduling, dynamic traffic, mobility, and external learning-
based clustering baselines under matched topology and energy
accounting models.
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