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Abstract — This study addresses data collection challenges in
wireless sensor networks (WSNs) employing mobile sinks (MSs).
Although MSs improve flexibility and scalability, achieving bal-
anced optimization of data collection delay and energy consump-
tion remains challenging, as minimizing one objective typically
comes at the expense of the other. To overcome this limitation,
we propose the optimized grid-based data collection with mo-
bile sink (ODCMS) approach. In ODCMS, the MS follows a
predefined trajectory and visits strategically selected visiting
points (VPs) to collect aggregated data. The number of VPs is
minimized to reduce tour length and thus latency, while a two-
level data aggregation scheme shortens transmission distances
and lowers forwarding overhead, thereby decreasing energy
consumption. Energy balancing is ensured through periodic ro-
tation of aggregation roles to prevent early node depletion. The
MS movement among VPs and the base station (BS) is mod-
eled as a connected graph, and its trajectory is constructed as
a Hamiltonian cycle using a backtracking algorithm. ODCMS
also supports rapid reporting of urgent events to the BS prior
to MS arrival. NS-3 simulations compared with EDEDA and
EFDC demonstrate that ODCMS achieves shorter tour length
and data collection delay, lower energy consumption, and longer
network lifetime than other approaches.

Keywords — data aggregation, grid-based structure, mobile sink,
path planning, visiting points, WSNs

1. Introduction

Wireless sensor networks (WSNs) comprise distributed au-
tonomous nodes that monitor physical or environmental con-
ditions and transmit collected data to a central base station
(BS) or sink for processing. WSNs are fundamental to mod-
ern networks, forming the backbone of the Internet of Things
(IoT), with applications in precision agriculture, industrial
automation, healthcare, environmental monitoring, and smart
cities [1]-[4].

Energy efficiency remains a major challenge in WSNss, as
sensor nodes are typically battery-powered. In traditional
architectures with static sinks, nodes located near the sink
must handle excessive data forwarding, creating hotspot areas
[5], [6]. This uneven load results in rapid energy depletion
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of these nodes, which consequently shortens the network
lifetime.

Mobile sinks (MSs) have emerged as a promising solution.
Depending on the application, they may take the form of un-
manned aerial vehicles (UAVs) [7], [8], unmanned ground
vehicles (UGVs) [9], autonomous underwater vehicles (AU-
Vs) [10], or devices carried by humans or animals [11].

A MS can reduce energy consumption, balance energy usage,
and extend network lifetime by collecting data from multiple
locations [3], [5], [6], [11]. In agricultural WSNs, mobile
drones replace fixed sinks to collect aggregated data from
sensor nodes and reduce long-range transmissions [7], [12],
[13].

Similarly, in forest fire monitoring, drone mobility enables
efficient network-wide data collection, reducing energy con-
sumption and reliance on multi-hop communication [14].

This work addresses the periodic collection of data by a MS
from all WSN nodes. A straightforward approach requires
the MS to visit every node, which results in excessively long
collection times due to extensive travel. To overcome this,
strategically selected locations, called visiting points (VPs),
can be used, enabling the MS to gather data efficiently from
nearby sensors.

Although this reduces the collection period, identifying the
optimal set of VPs and designing an efficient MS route that
simultaneously minimizes both delay and energy consumption
remains a challenging task [15].

To reduce data collection delay, it is crucial to minimize the
number of VPs required for full network coverage and to
establish the optimal trajectory for the MS to visit each VP,
starting and returning to the BS.

However, too few VPs may force sensor nodes to transmit
data over long distances, either via direct long single-hop
transmissions, where nodes increase transmission power to
reach the MS, or multi-hop forwarding through intermedi-
ate nodes. In both cases, energy consumption rises sharply,
accelerating network-wide energy depletion.
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In response to these challenges, this paper proposes the opti-
mized grid-based data collection with mobile sink (ODCMS)
approach. Its primary goals are to minimize data collec-
tion delay, reduce energy consumption, and prevent energy
imbalance among sensor nodes. ODCMS achieves this by
carefully minimizing the number of VPs required for full net-
work coverage, while employing a hierarchical two-level data
aggregation scheme that effectively shortens transmission
distances and limits forwarding load. Aggregation roles are
periodically rotated to evenly balance energy usage across the
network, thereby significantly extending its overall lifetime.

ODCMS organizes the sensor field into a virtual grid, parti-
tioning the deployment area based on node communication
ranges and region size. The grid dimensions are defined in
accordance with design objectives to support the desired se-
lection of VPs. Each grid cell has a designated grid cell head
(GCH) that aggregates data from local nodes. At a higher
level, one GCH in each quad of four cells is selected as the
grid quad head (GQH), which further aggregates the data and
prepares it for collection by the MS.

In addition, strategically chosen grid intersection points serve
as VPs. The MS begins its tour at the BS and follows a
predetermined trajectory visiting each VP exactly once. Its
possible movements between VPs and the BS are modeled
as a connected graph, and a valid data collection route is
determined as a Hamiltonian cycle using a backtracking
algorithm. At each VP, the MS gathers data from the four
surrounding quads via a two-level aggregation process. This
continues until all VPs are visited, after which the MS returns
to the BS with the aggregated data.

To further enhance responsiveness, ODCMS also integrates a
complementary mechanism to promptly deliver urgent event
data directly to the BS via multi-hop communication, thereby
avoiding delays associated with waiting for the MS’s arrival.

The main contributions of this work are:

1) Grid-based clustering — the sensing field is divided
into virtual grid cells, enabling structured clustering and
efficient VP selection.

2) Hierarchical aggregation — each cell elects a GCH, and
one GCH per quad becomes the GQH to deliver aggregated
quad data to the MS, reducing transmission distances,
forwarding load, and balancing energy via periodic role
rotation.

3) VP selection strategy — minimizes the number of VPs re-
quired for full coverage and thus, reducing data collection
delay.

4) Trajectory planning — models MS movements as a con-
nected graph and computes a Hamiltonian cycle using a
backtracking approach.

5) Event-driven reporting — supports urgent data delivery
directly to the BS without waiting for the MS tour.

6) Simulation-based evaluation —- ODCMS is implemented
in NS-3 and compared with the state-of-the-art EDE-
DA [15] and EFDC [16] protocols across multiple perfor-
mance metrics.
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This article is structured as follows. Section 2 reviews related
work and discusses their limitations. Section 3 presents the
network model along with the key assumptions considered.
Section 4 introduces ODCMS, while Section 5 provides
its detailed description. Section 6 presents the performance
evaluation, and finally, Section 7 concludes the article.

2. Related Works

This section reviews recent related studies, emphasizing
indirect data collection through VPs rather than direct node-
by-node collection methods [17]-[19].

The authors in [20] proposed VGRSS, a virtual grid-based
method for selecting rendezvous points (RPs) and sojourn
locations to improve energy efficiency and data collection in
WSNs. The approach operates in two phases: the sensor field is
partitioned into grid cells, then a grid cell coordinator (GCC)
is elected from the cell members using a fuzzy inference
system that accounts for residual energy and node centrality.
Each GCC aggregates and stores data from associated nodes
for the MS. To prevent premature node failure, GCCs’ energy
is monitored each round to determine if replacements are
needed. The MS visits sojourn locations at grid intersections,
following a trajectory constructed via the travelling salesman
problem using Christofides heuristics [21].

In [15], the authors proposed EDEDA, an energy- and delay-
efficient data collection approach based on a virtual grid. The
sensing area is divided into grid cells, and a grid cell head
(GCH) is elected from grid cell members (GCMs) based on
proximity to the cell center and residual energy. A subset of
cells is selected as visiting cells (VCs), allowing the MS to
collect data from the GCHs of nine adjacent cells in one hop.
The MS follows a Hamiltonian cycle starting and ending at
the BS, while a GCH replacement strategy prevents premature
node failure.

In [22], the authors proposed a virtual grid-based MS data
collection method in which each cell elects a GCH. The MS
follows paths along grid peripheries and diagonals, selecting
one cell per path as a rendezvous grid cell (RGC). In each
RGC, arendezvous GCH (RGCH) broadcasts the MS location,
enabling GCHs to adjust minimum-hop routes and efficiently
forward aggregated data to the MS.

In [16], the authors proposed EFDC, an energy-efficient
data-gathering protocol for WSNs with a MS. The approach
employs hierarchical agglomerative clustering (HAC) to form
clusters and select the optimal clustering level. CHs are chosen
as the nodes closest to cluster centroids. The VPs for the MS
are designated as the coverage intersection points (CIPs)
located along the boundaries of the cluster communication
ranges. The MS travels to these CIPs, halts for a specified
duration to collect data, and then continues its trajectory using
the traveling salesman problem with neighborhoods (TSPN)
algorithm.

In [23], the authors proposed E20SLMS, a method to deter-
mine optimal MS locations within clusters, ensuring balanced
energy consumption among nodes and preventing energy
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holes. The approach assumes a circular sensing area, which is
divided into coronas, each containing multiple clusters. Clus-
ter heads are elected based on their distance to the cluster
center and residual energy. Four MS traverse a spiral trajecto-
ry through the designated clusters and return to the starting
point. Within each cluster, the precise MS location is deter-
mined from member node positions using a fuzzy inference
system, enabling efficient, balanced, and reliable data collec-
tion across the network.

In [24], an energy-aware path construction (EAPC) approach
is proposed to establish an energy-efficient data-gathering
path while enhancing the selection of data collection points
(CPs). This construction is led under the constraint of a
predetermined path length provided as input. The algorithm
comprises three primary phases: initialization, selection of
CPs, and path construction. A minimal spanning tree (MST)
is established during the initialization phase to minimize
the total path length. The collection point selection phase
determines CPs using a benefit index that optimizes energy
usage while minimizing the forwarding burden on sensor
nodes. The most direct route between the BS and the CPs is
finally generated during the path construction phase.

Article [25], introduced BIIE, an energy-efficient data col-
lection algorithm for WSNs. The algorithm operates in
three phases: initialization, path establishment, and local
re-clustering. The network is first divided into clusters, with
the maximum number determined using a dichotomy method
under MS path length constraints. During path establishment,
particle swarm optimization (PSO) identifies optimal Ren-
dezvous Nodes (RNs) and the MS trajectory, minimizing
energy consumption imbalance among nodes. Finally, local
re-clustering dynamically adjusts cluster structures based on
residual energy, dividing or merging clusters to ensure bal-
anced energy usage, thereby enhancing network lifetime and
reliability.

A hybrid data collection method combining rendezvous-
and cluster-based approaches is presented in [26] to achieve
energy efficiency while meeting delivery deadlines for critical
packets. Rendezvous-based collection reduces energy by
storing data at rendezvous nodes (RNs) until the MS arrives,
whereas cluster-based collection forwards data via multi-
hop paths, consuming more energy but reducing delay. The
method operates in three phases: clustering nodes based on
density and residual energy, selecting strategic points near
cluster centers, and determining Steiner points that connect
these points. PSO groups Steiner points, and MSs visit each to
collect data, which is then transmitted to a central collection
point.

An optimal RPs selection with MS trajectory construction
algorithm is proposed in [27]. This approach, called ORPSTC,
begins by constructing a minimum-cost spanning tree (MST)
of the WSN graph. The MST is subsequently partitioned into
several clusters, and a CH is selected within each cluster to
serve as the RP. Upon identifying the RPs, a computational
geometry approach is employed to determine the route of the
MS linking these RPs. A RPs reselection process is devised to
maintain equitable energy consumption among sensor nodes,
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with the consideration of virtual RPs (VRPs). VRPs are sensor
nodes that can directly communicate with the MS.

In [28], an enhanced MS path planning method for homo-
geneous and heterogeneous WSNs is proposed, supporting
single and multiple MSs. The sensing area is divided into
equal regions, and nodes are clustered using the proposed
stable election algorithm (SEA) to reduce frequent CH rota-
tions.

In homogeneous networks, CHs are selected based on neigh-
bor count, while in heterogeneous networks, residual energy
prioritizes super-nodes. CH positions are reported to the BS
to compute MS paths. Visiting points are determined via a
minimum weighted vertex cover formulation, and MS tra-
jectories are optimized using multi-objective evolutionary
algorithms, including ACO, GA, and SA.

The authors of [29] outline the following method named
SCTR to ascertain a minimum number of RPs. The WSN
was represented as an undirected graph G. They subsequently
determined the connected components of GG through the
application of breadth-first search (BFS) traversal.

The reasoning for this is to diminish the problem’s size, hence
decreasing the computing complexity of the solution. The
larger connected components are then partitioned into man-
ageable units (MUs) using the combined use of a heuristic
and Tarjan’s technique. Upon acquisition of these MUs, spec-
tral clustering is employed to create clusters from the MUs.
The centroid of each cluster is then identified as RP. The
identified RPs are ultimately employed to construct the trav-
eling salesman tour (TSP) for the MS utilizing Christofides’
algorithm.

2.1. Discussion

Focusing on minimizing energy consumption and data collec-
tion latency, the reviewed articles can be grouped into three
main classes, as outlined in Tab. 1.

e Low/medium energy — medium/high latency: Methods
such as EDEDA, VGRSS, E20SLMS, SCTR, EFDC, and
[28] conserve energy by reducing multi-hop transmissions
and control overhead but may increase latency due to more
VPs and node waiting time. Energy consumption may
also depend on cluster size, as larger clusters increase
transmission distances between members and their CHs.

o High energy — low latency: Approaches such as TARA
and ORPSTC lower data delivery delay by minimizing
VPs or maintaining continuous shortest multi-hop paths,
at the cost of increased energy from frequent forwarding
and control messages.

e Adaptive/variable solutions: Methods like EAPC, BI-
IE, and HRCM balance energy and latency according to
application requirements.

Despite existing proposals, jointly optimizing data collec-
tion delay and energy consumption remains challenging, as
improving one often increases the other. Proposed approach
tackles this trade-off by reducing the number of VPs to shorten
delays and limiting long-distance and multi-hop transmissions
to save energy, effectively balancing both objectives.
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Tab. 1. Summary of the reviewed articles.

Method Stl;ucture Multi-sink Path selection strategy Energy con- acqll)l?sti?ion
ype support sumption latency
EDEDA [15] Grid No Hamiltonian path planning strategy Low Medium
EFDC [16] Cluster No Travei’ilghslj‘é‘;ff:jgsp(r%’;ﬁi with Low Medium
VGRSS [20] Grid No Christofides algorithm Low Medium
TARA [22] (gri}cllygcritfee) No Computation-free path strategy High Low
E20SLMS [23] Ring Yes Computation-free path strategy Low Medium
EAPC [24] Cluster No Convex polygon algorithm Variable Variable
BIIE [25] Cluster No Particle swarm optimization Variable Variable
HRCM [26] Cluster Yes Dijkstra shortest path algorithm Variable Variable
ORPSTC [27] Cluster No Author-defined ;:I())Ir)xrlg;léiﬁonal geometry High Low
Approach in [28] Cluster Yes Multi-objective evolutionary algorithm (MOEA) Low Medium
SCTR [29] Cluster No Christofides algorithm Low Medium

3. Network Model and Assumptions

This study adopts the following network model and assump-

tions:

e 7 stationary sensor nodes are uniformly and randomly
deployed in a square area of side L.

e Each node has a maximum communication range R.,
forming a unit-disk graph (UDG), where two nodes 7 and
7 are directly connected if their Euclidean distance

d(i, ) = /(zi — 2,)2 + (i — y;)?
satisfies d(i, j) < Re.

e A single MS collects data from sensor nodes by visiting
predefined VPs, starting and ending at a fixed BS, which
stores the collected data.

e Each node knows its location and starts with equal residual
energy.

e The MS can reliably communicate with nodes within range
and has sufficient energy to complete its tour.

e The MS trajectory is unobstructed.

4. Overview of the Proposed Approach

ODCMS is guided by the following design principles. The
network is partitioned using a k x k virtual grid, based on
area size L and node range R.. The value of % is required to
be a multiple of four in order to support the desired selection
of VPs. VPs are chosen at grid intersections, each covering
sixteen adjacent cells (four quads), as shown in Fig. 1.

Each cell elects a GCH for local aggregation. Among the
four GCHs in a quad, the one closest to the VP becomes the
GQH, which aggregates data from the other GCHs and sends
it to the MS. GCHs and GQHs are periodically re-elected to
prevent early failures.
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The MS tours the network from the BS, visiting each VP to
collect aggregated data, then returns to the BS. The trajectory
is modeled as a connected graph, and a Hamiltonian cycle is
computed via backtracking. Urgent data are sent directly to
the BS without waiting for the MS.

5. In-depth Description of the Proposed
Approach

The proposed approach operates through seven key opera-
tions. The first step consists of designing the virtual grid. The
second identifies the set of VPs, while the third determines
how GCHs and GQHs are selected. The fourth operation

Member
node

Grid cell
head (GCH)

Grid quad
head (GQH)

Fig. 1. Overview of ODCMS.
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Tab. 2. List of messages used.

Message Description

GCH_ELECTION
GCH_ANNOUNCEMENT

Initiates the election of GCHs/GQHs
Used by GCHs/GQHs to announce their roles

Used by the MS to trigger data collection from
nodes near a VP

ASKING_DATA

Used to transmit data through the hierarchy
from nodes to the MS

Used by GCHs/GQHs when they are unable to
fulfill their designated roles

DATA

GCH_REELECTION

Used by sensor nodes to inform the BS of an

URGENT_EVENT
emergency event

defines the trajectory of the MS, and the fifth explains the
data-gathering process. The sixth describes the reelection
mechanism for GCHs and GQHs. The seventh addresses
the strategy for handling urgent events. These operations are
elaborated further in the following sections.

The messages supporting the implementation of proposed
solution, are listed in Tab. 2.

5.1. Virtual Grid Design

The virtual grid is created by partitioning the sensing area
into square cells based on the nodes’ communication range
and the sensing area’s dimensions.

The grid consists of k rows and k columns, forming a k& x k
square grid. The value of k is determined using the adjustment

factor a:
2¢/2L
a= R (D
Given the value of «, the number £ can be identified. It must
be a multiple of four to allow the selection of the VPs as

desired. It is defined as follows:

4, ifa<4
8, ifd<a<s
E=d¢12, ifS<a<12 . 2

16, if12<a <16

It is worth emphasizing that this grid formation ensures
communication among nodes in neighboring cells.

To make possible the execution of the subsequent steps, the
cell identifier /dCell; of every sensor node ¢ needs to be
calculated. This calculation is made using the coordinates
(24,y;) of i, according to the following formula:

IdCelli = pk +q, 3)

where p = [ % | and ¢ = | % |, with a corresponding to the
side length of a cell.
The value of a is calculated using the following formula:

a = ? .
Figure 2 depicts the visual representation of an 8 x 8 virtual
grid, showcasing the distinct identifiers assigned to each
individual cell.
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a R, Cell ID Cell
Y 4
Row7a| | 56 |/57 | 58 | 59 | 60 | 61 | 62 | 63
A
N
Row 6 48 | 49 | 50 | 51 | 52 | 53 | 54 | 55
Row 5 40 | 41 | 42| 43 | 44 | 45 | 46 | 47
Row 4 32 | 33| 34| 35| 36| 37| 38 | 39
L

Row 3 24 | 25| 26| 27 | 28 | 29 | 30 | 31
Row 2 16 | 17 | 18 | 19 | 20 | 21 | 22 | 23
Row | 8 | 9 (10| 11| 12|13 14|15

0| 1| 2| 3] 4|5]|6]7
Row 0 <

Quad Col.0 Col.1 Col.2 Col.3 Col.4 Col.5 Col.6 Col.7

Fig. 2. Virtual grid design.

19 1 1A 1
V4 19 1 1
I I
1 1
$ 9 1 11
P b | j 08
I |
1 1
1 1
- < -
- o

Quad ID

T
|
I —
-
bt ———f———

Fig. 3. Identification of the grid’s quads.

In addition to cell identifiers, each sensor node ¢ must know
the identifier of the quad IdQuad; to which it belongs. Based
on its coordinates, node ¢ computes it as follows:

IdQuadi = 5% 1, 4

where p’ = [¥- | and ¢’ = | 3£ ].
Figure 3 illustrates the identifier assigned to each quad in an

8 x 8 grid.

5.2. Visiting Points Identification

Several specific intersection points between four neighboring
cells are selected as VPs. Each VP is chosen to enable the
MS to cover 16 adjacent cells, corresponding to four adjacent
quads. The identification of these VPs is performed using
Algorithm 1, which is based on the following formula:

m=2a(2z+1), ®)

where z =0,1,...,k/4 — 1.
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Algorithm 1 Selection of VPs
Input: a, k
Output: : list of identified VPs coordinates

1: L,O(—@
2:9+0
3: whilei < £ do

4: r—2xax(2xi+1)

S: 70

6:  whilej < £do

7: y—2xax(2xj+1)
8 o —pU{(z,y)}

9: je—j+1

10: end while

11 t—1i+1

12: end while

Return ¢

The possible values of m correspond to the potential X-
intercept and Y-intercept values of the distinct coordinates of
the determined VPs, which are henceforth denoted by the set
. Figure 4a-b illustrates the coordinates of all VPs identified
in 8 x 8 and 12 x 12 grids, respectively, by applying the
Algorithm 1. For example, in a 8 x 8 grid (k = 8), m can
take two values: 2a and 6a according, respectively, to the
following values of z (¢ or 7): 0 and 1. As a result, the different
coordinates of the four identified VPs are as follows: (2a, 2a),
(6a,2a), (2a,6a) and (6a, 6a).

5.3. GCHs and GQHs Election

Once the virtual grid is established, clusters naturally form,
enabling the selection of GCHs and GQHs. Upon network
deployment, each node broadcasts a GCH_ELECTION mes-
sage containing its ID, coordinates, cell, and quad identifiers.
Neighboring nodes record this information to maintain aware-
ness of nearby nodes, including those within the same cell.
Within each cell, the node closest to the geometric center
is elected as the GCH, responsible for local data collection
and initial aggregation. In each quad, the GCH of the cell
nearest the designated VP is elected as the GQH, serving
as a rendezvous node that further aggregates quad data and
delivers it to the MS.

This central positioning reduces transmission power re-
quirements for cluster members and ensures GQHs remain
near their associated VPs. Elected GCHs/GQHs broadcast a
GCH_ANNQUNCEMENT to notify neighbors of their roles.
While GCHs can transmit directly to the MS, forwarding data
through GQHs reduces transmission distances, aggregates
correlated data, conserves energy, and lowers the relaying
workload, thereby improving network efficiency.

5.4. Path Planning

The MS starts and ends its tour at the BS, visiting all VPs
along a pre-established path. To determine this route, the BS
models possible MS movements between VPs as a connected
graph G’ = {V’, E'}, where V"’ includes all VPs and the BS,
and F’ represents feasible direct movements, as illustrated in
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Fig. 4. VPs identification for various grid sizes: a) 8 x 8 grid and b)
12 x 12 grid.

Fig. 5, which shows the connected graph used to determine
the MS’s path in a 12 x 12 grid.

A valid Hamiltonian cycle, visiting each VP exactly once, is
then identified using a backtracking algorithm [30], though
other optimization methods can also be applied [3]. The
algorithm incrementally builds the cycle by adding adjacent,
unvisited vertices and backtracks when no valid extension
exists, continuing until a complete cycle is found.

Although finding a Hamiltonian cycle is an NP-complete
problem with factorial worst-case complexity, the computa-
tional overhead at the BS remains manageable in ODCMS.
This is primarily because ODCMS reduces the number of
VPs and restricts feasible movements to directly connected
neighboring vertices in G/, thereby limiting the search space
explored by the backtracking algorithm. Consequently, min-
imizing the number of VPs not only reduces the MS tour
length but also alleviates the computational burden of route
construction.
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(;li)

Fig. 5. Connected graph for determining the MS pathina 12 x 12
grid.
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Fig. 6. Data collection process.

5.5. Data Collection

The MS periodically follows the predetermined Hamiltonian
cycle, broadcasting an ASKING_DATA message at each VP to
reach all nodes in the four associated quads. GCHs sched-
ule DATA transmissions to their GQH after a short wait to
gather member data, and GQHs subsequently forward aggre-
gated data to the MS after a longer wait, ensuring complete
collection.

Each ASKING_DATA message specifies the targeted cell IDs to
limit requests to relevant nodes. At each VP, the MS collects
data from the four neighboring GQHs, then moves to the next
VP, repeating the process until returning to the BS.

Figure 6 illustrates this data collection procedure.

5.6. Re-election of GCHs and GQHs

GCHs and GQHs are periodically reelected to prevent prema-
ture failure and ensure continuous data collection. When the
residual energy of a GCH or GQH drops below a predefined
threshold Einreshold, the node initiates a reelection process
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Tab. 3. Simulation parameters used to analyze the proposed system.

Parameter Value
Sensing field dimensions 120 xv120, 160 x 160, 200 x 200,
LxL 240 x 240, 280 x 280, 320 x 320 m?
Number of sensor nodes 200-400
Location of BS (% ,0)
Communication range R 50 m
Initial energy per node 1J
Energy threshold Eihreshold 40%
Data packet size 512 bytes
Mobile sink speed 10 m/s
Duration between sink tours
Trost 1 hour
Sink sojourn duration in a VP 10s
Simulation duration Until first node dies
Felec 50 nJ/bit
Emp 0.0013 pJ/bit/m*
Ers 10 pJ/bit/m?

by broadcasting a GCH_REELECTION message. The current
GCH/GQH is excluded from candidacy, and a new leader is
selected from among the nodes closest to the cell center that
possess sufficient residual energy.

5.7. Urgent Events Handling

In emergency scenarios, when a sensor node detects a mea-
surement exceeding a predefined threshold, it encapsulates
the measurement within an emergency notification mes-
sage (URGENT_EVENT) and transmits it to the GCH of its
respective cell. To mitigate false alarms arising from sensor
faults or anomalies, the GCH validates the urgency of the
event by requiring the reception of multiple corroborative
URGENT_EVENT messages from distinct member nodes within
the same cluster.

Upon validation, the GCH initiates a unicast transmission of
the URGENT_EVENT message directly to the BS employing a
geographic routing protocol, thereby bypassing the inherent
latency associated with awaiting the MS arrival. This direct
transmission strategy significantly reduces the end-to-end
latency for critical event reporting within the network.

6. Performance Evaluation

6.1. Simulation Setup

To evaluate the proposed approach, ODCMS was implement-
ed in NS-3, incorporating its message types, data structures,
and protocol operations. For comparison, EDEDA [15] was
also implemented, as it similarly employs a virtual grid and
mobile sink, with the sink visiting selected visiting cells (VCs)
to collect data from nearby nodes.

In addition, EFDC [16] was implemented, which employs
the HAC algorithm for cluster formation and directs the MS
through coverage intersection points (CIPs), serving as VPs
for data collection.
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Fig. 7. NetAnim snapshots showing the configuration of the simulated network after the execution of ODCMS, EDEDA, and EFDC for

different terrain side lengths.

Extensive simulations were conducted using the parameters
in Tab. 3. The number of sensor nodes (200 —400) was varied
to evaluate energy consumption and network lifetime, while
the terrain size L was adjusted to assess its impact on MS data
collection delay. All other parameters were kept constant.

To reflect a realistic scenario, we considered a fire detection
WSN assisted by a drone acting as the MS. Sensors were
uniformly deployed, and the drone periodically collected data
from designated VPs/VCs before returning to the BS. Data
collection occurred hourly, and simulations ran until the first
node died.

Before presenting the results, we briefly describe the adopted
energy model and the evaluation metrics used for comparison.

6.2. Energy Consumption Model

To evaluate energy consumption, we adopted the same radio
energy model as in [20]. The transmission energy for sending
a p-bit message over a distance d, denoted by Erx (p, d), and
the reception energy Frx (p) are computed as follows:
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Eelec + E'sd27 d<d
ETX (p7 d) = b P 4 ’ ) (6)
pEelec + pEmpd 5 d>do

Frx (p) = pEelec 5 (7)
where Fje. represents the electronics energy per bit, while F

and FEi,, denote the free-space and multi-path amplification
factors, respectively.

The threshold distance is defined as:

_ Efs
do = 4/ B )

Energy consumed in sensing and processing is neglected,
since transmission dominates overall energy dissipation.

6.3. Comparison Metrics

The performance is evaluated using three primary metrics: to-
tal energy consumption, network lifetime, and data collection
duration. We also report complementary metrics, including
energy consumption per message type (ASKING_DATA and
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DATA), MS tour length, and the number of VPs/VCs, to bet-
ter explain variations in the main results and provide deeper
insight into protocol behavior.

The total energy consumption represents the total energy
consumed by all sensor nodes during the simulation. It is
computed as the sum of the difference between the initial and
residual energy of each node i:

Elolal = Z (E‘mutz - Eresidi) . (9)

=1

Network lifetime is defined as the period during which the
network remains operational before performance degrada-
tion occurs, such as node death, disconnection, or coverage
loss [31]. In this study, we adopt the commonly used defini-
tion: the time from the start of the simulation until the first
sensor node depletes its energy.

Data collection duration is defined as the total time required
for the MS to depart from the BS, visit all VPs to gather data,
and return to the BS. It includes both travel time between VPs
and the pause time spent collecting data at each stop. This
duration can be expressed as follows:

[l

lpu(BS)| , ‘
Dcollection = Z (d(SL(Z)7 SL(Z * 1))> + Z Ptj . (10)
j=1

sink speed

=1

The stopping location i is represented by SL(¢), while the
pause time or sink stay duration at VP j is denoted by Pt;.

6.4. Results and Discussion

In the following, we present the simulation results using
graphs and NetAnim visualizations, highlighting the per-
formance of ODCMS, EDEDA and EFDC under varying
network conditions. Each result represents the average of 10
runs with different random seeds to ensure reliability (Fig. 7).

To ensure fair comparison across scenarios with different
durations, total energy consumption is normalized by dividing
it by the simulation time (in seconds).

Total energy consumption increases with network density for
all protocols, as more nodes generate greater communication
traffic and overhead (Fig. 8a). ODCMS consistently consumes
less energy than EDEDA. For 200 nodes, ODCMS consumes
9.30 x1073 J/s compared with 1.09 x10™* J/s for EDEDA,
representing a reduction of approximately 14.68%. At 400
nodes, the corresponding values are 2.41 x10~* J/s and 2.83
x107 J/s, yielding a reduction of approximately 14.84%.

EFDC exhibits the highest energy consumption, averaging
1.60 x10~ J/s at 200 nodes and 4.19 x10™* J/s at 400 nodes.
This is primarily attributed to its larger clusters, which require
member nodes to transmit data over longer distances. The
greater number of visiting points in EFDC e.g., 14 at L =
120 m and 24 at L = 160 m, further increases overhearing
of asking for data messages (Fig. 8b).

The impact of network density on the lifetime of ODCMS,
EDEDA, and EFDC under identical conditions, with 200 —
400 nodes in a fixed 120 x 120 m area is presented in Fig. 8d.
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Fig. 8. Comparison of simulation results for ODCMS, EDEDA, and
EFDC protocols across multiple scenarios (with standard deviation
error bars).

Network lifetime decreases with node density due to increased
communication activity and energy depletion. ODCMS con-
sistently outperforms both protocols. At 200 nodes, it achieves
14.48 days, compared with 13.61 days for EDEDA (= 6.4%
longer) and 5.05 days for EFDC (= 186.73% longer). At 400
nodes, ODCMS reaches 11.61 days, compared with 10.22
days for EDEDA (= 13.6% longer) and 2.86 days for EFDC
(= 305.94% longer). This advantage stems from ODCMS’s
improved energy efficiency, while EFDC lacks CH rotation
and incurs additional overhead from overhearing data and
MS data-request messages.

Figure 9 illustrates the resulting impact on data collection
duration for different values of L, while adjusting the number
of sensor nodes to maintain a constant density of 2 nodes per
100 m?. As L varies, the grid size (k x k) changes accordingly,
which in turn affects the number of VPs in ODCMS and VCs
in EDEDA.

EDEDA and EFDC consistently require longer collection
times than ODCMS, with EFDC exhibiting the highest delays.
This advantage results from ODCMS minimizing the number
of VPs and, consequently, the MS tour length (Fig. 9b). Table 4
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Tab. 4. MS tour length, data collection delay, and parameters for ODCMS, EDEDA, and EFDC protocols, along with percentage reductions.

Fig. 9. Tour delay a) and tour length comparisons b) for ODCMS,
EDEDA, and EFDC under different terrain dimensions.

confirms that ODCMS selects fewer VPs than both protocols
for the same L, resulting in shorter tours and collection
times. Although EFDC’s tour lengths can be close to those
of EDEDA at larger L values, its collection time remains
substantially higher because it uses more VPs (14—-102),
leading to more MS stops.

In urgent events handling experiment, we validate ODCMS’s
urgent event handling by randomly selecting 20 sensor nodes,
each generating a single urgent event during a 24-hour simu-
lation, considering two protocol variants. The first variant,
ODCMS-direct, sends urgent events immediately to the BS
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L [m] 120 160 200 240 280 320
Nodes 288 512 800 1152 1568 2048
kxk 8§ x8 12 x 12 12 x 12 16 x 16 16 x 16 20 x 20
VPs 4 1 1 2
ODCMS s 9 9 6 6 5
Tour [m] 264.85 590.10 737.63 1139.44 1329.35 1958.94
Delay [min] 1.10 2.48 2.72 4.56 4.83 7.43
kxk 9x9 12 x 12 12 x 12 15x 15 18 x 18 21 x 21
VCs 9 16 16 25 36 49
EDEDA
Tour [m] 442.58 759.63 949.54 1469.20 1948.61 2661.71
Delay [min] 2.24 3.93 4.25 6.62 9.25 12.6
VPs 14 24 40 54 68 102
EFDC Tour [m] 336.77 622.36 1023.68 1416.84 1928.43 2624.42
Delay [min] 2.89 5.04 8.37 11.36 14.55 21.37
Tour [%] 40.16 22.32 22.32 22.44 31.78 26.40
Red. (vs. EDEDA)
Delay [%] 50.89 36.90 36.00 31.12 47.78 41.03
Tour [%] 21.36 5.18 27.94 19.58 31.07 25.36
Red. (vs. EFDC)
Delay [%] 61.94 50.79 67.50 59.86 66.80 65.23
2) via multi-hop, while ODCMS-deferred stores events at GCHs
— and forwards them only when the MS collects data. Sys-
20 | g opcms )
= tem performance is measured by the end-to-end delay from
£ [ B epEDA event generation to BS reception. In ODCMS-direct, this re-
2 ol [ 0 erpc flects multi-hop forwarding via the GCH, while in ODCMS-
Q
© deferred, it is dominated by the MS travel time to the VP and
é back to the BS. In ODCMS-deferred, the MS resting period
0 ‘ ‘ ‘ ‘ ‘ —— T.cst strongly affects urgent event delay.
120 160 200 s 240 280 320 Figure 10a shows the CDF of latency for different 7.
b) values, indicating that longer rests lead to higher end-to-
x103 0 i ODCMS ‘ end delays, as events must wait for the MS to resume its tour.
— 1 Figure 10b shows the CDF of latency for ODCMS-direct
§ 2 I [ EDEDA and ODCMS-deferred (T}..s; = 0). ODCMS-direct exhibits
B |:| [] EFDC millisecond delays, while ODCMS-deferred reaches minutes
,L; 1 due to the MS traveling to VPs, retrieving data, and returning
2 to the BS. These results highlight the necessity of dedicated
0 : : : : : : mechanisms to handle time-critical events when MSs are
120 160 200 240 280 320 employed for data collection.
L

7. Conclusions

This study addressed fixed-path data collection in WSNs us-
ing a MS. We proposed ODCMS, which reduces collection
delay and energy consumption while extending network life-
time by minimizing VPs and mitigating costly multi-hop
and long-distance transmissions via a two-level data aggre-
gation scheme. ODCMS combines virtual grid-based clus-
tering, selective VP selection, hierarchical aggregation, and
backtracking-based MS path planning, with urgent events
sent directly to the BS.

NS-3 simulations comparing ODCMS with EDEDA and

EFDC show improved tour length, delay, energy efficien-
cy, and lifetime. Future work will investigate more realistic
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Fig. 10. CDF of latency under ODCMS-deferred for different values

of T’es+ ) and CDF of latency comparison between ODCMS-direct
and ODCMS-deferred (7’.est = 0) b).

deployment scenarios, including obstacle-constrained MS
mobility and non-uniform node distributions, as well as mul-
tiple MSs and path-length constraints for VP selection and

rout
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