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Abstract

Three-dimensional (3D) wireless sensor networks (WSNs) are gaining increasing signif-
icance in applications across complex environments, including underwater monitoring,
mountainous terrains, and smart cities. Compared to two-dimensional (2D) WSNs, 3D
WSNs introduce unique challenges in coverage, connectivity, map construction, and blind
area detection. This paper provides a comprehensive survey of node deployment strate-
gies in 3D WSNs. We summarize several key design aspects: sensing models, occlusion
detection, coverage and connectivity, sensor mobility, signal and protocol effects, and
simulation map construction. Deployment algorithms are categorized into six main types:
classical algorithms, computational geometry algorithms, virtual force algorithms, evolu-
tionary algorithms, swarm intelligence algorithms, and approximation algorithms. For
each category, we review representative works, analyze their design principles, and eval-
uate their advantages and limitations. Comparative summaries are included to facilitate
algorithm selection based on specific deployment requirements. Recent advancements
in these strategies have led to significant improvements in network performance, with
some algorithms achieving up to 12.5% lower cost and 30% higher coverage compared
to earlier methods, and even reaching 100% coverage in certain cases. Thus, this survey
aims to present the current research status and highlight practical improvements, offering
a reference for understanding existing approaches and selecting appropriate algorithms for
diverse deployment scenarios.

Keywords: three dimensional; wireless sensor networks; deployment algorithm; coverage;
literature review

1. Introduction

WSNs consist of a large number of micro sensor nodes, and each sensor node typically
comprises a sensing component, power supply, processor, and communication module.
The sensing component detects environmental parameters such as temperature, humidity,
sound, and pressure; the processor handles data processing and local decision-making; and
the communication module ensures wireless data transmission. The power supply, often a
battery or energy-harvesting module, governs the lifetime of nodes. These components
enable nodes to collaboratively perceive and monitor environmental target information
and transmit data wirelessly to sink nodes. Generally, the effectiveness of sensor nodes is
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largely determined by two key parameters: sensing range and communication range. The
sensing range defines a node’s capability to detect target events, while the communication
range governs its ability to transmit data to other nodes [1].

At the network level, WSNs are characterized by distributed sensing, multi-hop
communication, self-organization, and scalability. The nodes collectively form a dynamic
network topology, enabling robust data collection, fault tolerance, and efficient energy
management. These technical features allow WSNs to perform large-scale monitoring tasks
in complex environments. Additionally, quality of service (QoS) metrics such as coverage,
latency, reliability, and network lifetime are essential for evaluating WSN performance and
guiding deployment strategies. Ensuring adequate QoS requires the careful consideration
of both node capabilities and network design [2].

With advancements in sensor hardware and communication technologies, WSNs have
found widespread applications across diverse fields, including environmental monitor-
ing [3], smart agriculture [4], smart cities [5], disaster warning [6], underwater detection [7],
industrial safety [8], and healthcare [9]. Additionally, the integration of WSNs with mobile
cloud computing enhances the data processing and scalability of these applications [10]. In
these applications, node deployment emerges as a critical factor influencing network per-
formance, directly impacting coverage, connectivity, energy efficiency, and service lifetime.

WSN nodes can be deployed in 2D spaces, 3D spaces, or on 3D surfaces. Two-
dimensional deployment involves distributing nodes on flat surfaces, a common scenario
in research on island [11] and sand terrains [12]. For 3D deployment, the current research
primarily focuses on two scenarios: one involves deploying nodes within 3D volumes
(e.g., underwater sensing [13-16] and indoor monitoring [17-19]), where spherical sensing
models are typically used to fill the space; the other involves deploying nodes on complex
3D surfaces (e.g., mountainous terrains [20,21]), where occlusion and visibility must be
considered. Figure 1 illustrates the conceptual differences between 2D deployment, 3D
space deployment, and 3D surface deployment.

(@) (b) (0

Figure 1. The 2D vs. 3D space vs. 3D surface deployment: (a) 2D deployment, (b) 3D space
deployment, (c) 3D surface deployment.

Traditional 2D WSN deployment methods [2] have been widely adopted owing to
their simplified modeling and ease of implementation. Nevertheless, models designed for
2D WSNis are no longer applicable to 3D WSNs, primarily due to the unique constraints
introduced by 3D spaces. For instance, line of sight (LoS) emerges from visual height
differences, a phenomenon that does not occur in 2D scenarios. In comparison with 2D
scenarios, 3D deployments present more pronounced challenges, including larger spatial
volumes, more intricate communication protocols, higher costs, and greater difficulties in lo-
calization [22,23]. Furthermore, the QoS requirements in 3D WSNs differ significantly from
2D WSNs. While 2D WSNs mainly focus on planar coverage and relatively simple routing,
3D WSNs must address volumetric coverage and surface coverage, complex multi-hop
routing, increased interference, and potentially higher latency, all of which directly impact
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reliability and network lifetime [24,25]. To address the unique challenges of 3D deployment,
various WSN models are employed in 3D WSNs. Commonly used sensing models in 3D
deployment include binary models with fixed sensing ranges, probabilistic models that
account for environmental uncertainty, and directional models designed for sensors with
limited fields of view. Sensor nodes may be static, mobile, or exhibit hybrid mobility to
adapt to spatial dynamics. In terms of system architecture, centralized approaches rely on
a central controller to gather global information and make deployment decisions, whereas
distributed architectures enable individual nodes to make decisions based on local data,
thereby enhancing adaptability and scalability. Signal propagation and communication pro-
tocols jointly shape link reliability, coordination mechanisms, and energy efficiency in 3D
WSNSs. Connectivity requirements range from none to I-connectivity (which ensures basic
network functionality) and m-connectivity (which guarantees that each node is connected
to at least m neighbors to improve fault tolerance). Coverage goals are equally diverse:
I-coverage ensures that each target point is covered by at least one sensor; K-coverage
requires all target points to be covered by at least K sensors for redundancy; and Q-coverage
generalizes this concept by assigning different coverage degrees to different points based
on their sensing importance. To better understand the fundamental elements of 3D WSNSs,
we summarize the key WSN models in Figure 2.

3D space
Coverage type Ld
3D surface
Binary
Sensing model Probabilistic
Directional
DEM-DT model
Blind-zone detection over 3D surface Algebraic geometry method
Bresenham LoS algorithm
Static sensors
System model Sensor mobility Mobile sensors
Hybrid sensors
Map source
3D WSN models Simulation maps
Map representation
Centralized
System architecture
Distributed
Signal propagation
Signals and protocol
Communication protocol
1-connectivity
Connectivity aware
Connectivity requirement m-connectivity
Non-connectivity aware
1-coverage
Coverage degree K-coverage
Q-coverage

Figure 2. Common deployment models in 3D WSN.

In recent years, numerous researchers have made significant contributions to the
study of node deployment in 3D WSNs. For example, the authors of [26] systematically
analyzed various coverage models and computational methods, considering factors such
as sensor detection range, sensing angles, terrain visibility, weather, and obstacles. They
identified key limitations in existing studies, including the misuse of terrain models (e.g.,
applying grid models to complex terrains), unrealistic assumptions (e.g., neglecting terrain
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occlusion or assuming omnidirectional sensing), and a lack of experimental validation.
However, their work did not discuss deployment algorithms that are commonly used in
3D WSNs. Focusing on indoor 3D deployment research, the authors of [27] introduced
relevant concepts, types, objectives, models, and application areas. They further explored
critical issues in IoT data collection networks, such as coverage, localization, connectivity,
network lifetime, and data traffic, while presenting methods to address indoor 3D deploy-
ment challenges. Nevertheless, this study insufficiently explored deployment scenarios
on 3D surfaces. In [28], the authors reviewed and compared five typical optimization
algorithms, i.e., greedy algorithm, genetic algorithm (GA), particle swarm optimization
(PSO), differential evolution (DE), and binary integer programming (BIP), for enhancing
the visual coverage of 3D objects. Their research primarily targeted 3D surface coverage in
visual sensor networks. However, it overlooked 3D spatial deployment and key WSN met-
rics such as connectivity and mobility. The authors of [29] summarized the wide-ranging
applications of 3D WSNSs, analyzed differences in node types, sensing models, deployment
methods, and mobility, and briefly reviewed deployment approaches along with their
associated models and optimization objectives. The paper provided a detailed introduction
to polyhedron-filling deployment methods. Yet, it lacked a comprehensive classification
and discussion of various deployment algorithms, and insufficiently introduced relevant
system models in WSNs.

Despite the existence of multiple surveys on node deployment in 3D WSNs, most
existing reviews have notable shortcomings. Many focus on a single coverage type (either
3D surfaces or 3D spaces) without comprehensively analyzing both. Additionally, they
fail to thoroughly summarize diverse WSN characteristics and deployment algorithms,
lack detailed explanations of the sources and representations of simulation maps, omit
discussions on the Q-coverage problem in coverage studies, and lack systematic analy-
sis in comparative evaluations of algorithms. To address these limitations, this paper
presents a comprehensive and structured survey of 3D WSN deployment strategies. Our
goal is to bridge existing research gaps by reviewing a broad range of algorithms and
analyzing their performance from the perspectives of coverage, connectivity, mobility, and
blind-zone detection. We also emphasize the importance of simulation map design and
assess algorithm applicability in various 3D surface and space settings. This work aims to
provide a practical reference for researchers and practitioners seeking effective deployment
solutions in complex 3D environments. Table 1 highlights the key differences between the
aforementioned reviews and this study.

Table 1. Comparison between the related reviews and our review.
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Motivated by the aforementioned discussions and to provide an up-to-date overview,
this paper mainly reviews articles published in the past ten years, with emphasis on
recent studies. Most focus on node deployment in 3D environments, and we aim to
cover a wide range of approaches to ensure the survey is comprehensive. The paper then
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conducts a comprehensive survey on the main challenges and optimization methods of
node deployment in 3D WSNs, with a focus on key design aspects such as coverage and
connectivity, energy management, node mobility, and map source and representation. The
primary contributions of this paper are summarized as follows:

1.  We summarize five key design elements for 3D WSN deployment: sensing models,
occlusion handling for 3D surfaces, coverage and connectivity, sensor mobility, signal
and protocol effects, and simulation maps. These elements form the fundamental
framework for understanding and addressing 3D deployment issues.

2. We systematically classify existing methods into six categories according to algorithm
design concepts: classical algorithms, computational geometry methods, virtual force
methods, evolutionary algorithms, swarm intelligence algorithms, and approximation
algorithms. For each category, their strengths and limitations in different deployment
scenarios are summarized, providing a clear reference for algorithm selection.

3. We offer comparative tables of representative deployment strategies. These tables help
researchers quickly identify and select appropriate optimization methods based on
specific application requirements, enhancing the practicality of the survey.

4. We present a case study on the deployment of solar insecticidal lamps (SILs) in complex
3D agricultural environments. This case highlights the impact of terrain variability,
occlusion, solar exposure, and accessibility constraints on practical deployment strate-
gies and the design of optimization models, bridging the gap between theoretical
research and real-world applications.

To facilitate readers’” understanding, the acronyms used in this paper are listed in
Table 2 and notations are listed in Table 3.

Table 2. Acronyms in this paper.

Acronym Description Acronym Description

WSNs Wireless Sensor Networks FOA Fruit Fly Optimization Algorithm
3D Three Dimensional BHA Black Hole Algorithm

DEM Digital Elevation Model MPA Marine Predator Algorithm

LoS Line-of-Sight CSA Cuckoo Search Algorithm

TIN Triangulated Irregular Networks BOA Butterfly Optimization Algorithm
CG Computational Geometry GWO Grey Wolf Optimizer

VD Voronoi Diagram SSA Sparrow Search Algorithm

DT Delaunay Triangulation LSOA Lion Swarm Optimization Algorithm
VF Virtual Force CLO Competitive Learning Optimizer
EA Evolutionary Algorithm PTSA Parallel Tunicate Swarm Algorithm
GA Genetic Algorithm AFSA Artificial Fish Swarm Algorithm
DE Differential Evolution BOA Bat Optimization Algorithm

SI Swarm Intelligence SFLA Shuffled Frog Leaping Algorithm
PSO Particle Swarm Optimization WOA Whale Optimization Algorithm

Table 3. Notations in this paper.

Notation Description Notation Description

S ={si}l";  Collection of sensor nodes P ={pj} j—1  Collection of target points

d(s,p) Distance between s and p P; Probability that p; can be covered by s;
Rs Sensing radius of sensor R, Communication radius of sensor

P Decision variable for blind spot  z, Elevation value of point p

|S] Cardinality of collection S QoC Quality of coverage

QCon Quality of connectivity d Distance threshold in VF algorithm

The rest of this paper is organized as follows: Section 2 introduces the basic design
elements of 3D deployment; Section 3 summarizes six typical algorithm categories and
their optimization models; Section 4 reviews the current applications of various algorithms
in 3D deployment; Section 5 compares the deployment effectiveness and applicability of
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different algorithms; Section 6 analyzes a case study on the deployment of solar insecti-
cidal lamps in a 3D environment; and Section 7 concludes the paper and outlines future
research directions.

2. Fundamental Models in 3D WSNs
2.1. Sensing Models

In WSNs, the Euclidean distance is commonly used to represent the geometric distance
between a sensor node and a point in the target region. Given a sensor s located at (xs, ys, zs)
and a target point p at (xp,yp, zp), the distance d(s, p) between s and p is defined as follows:

d(s,p) = \/(xs —xp)? + (Ys — yp)* + (2zs — 2p)? (1)

This measure serves as the basis for evaluating proximity in many coverage and
localization models. While it exhibits certain inaccuracies in characterizing communication
paths, the Euclidean distance model can still approximately describe how sensing prob-
ability varies along the propagation direction. However, when deploying sensors on 3D
surfaces such as mountains and volcanoes, the actual distance between two points should
be the shortest path along the surface, known as the geodesic distance, rather than the
Euclidean distance. Geodesic distance provides a way to assess visibility without explicitly
determining LoS. Unlike Euclidean distance, geodesic distance is defined as the shortest
path along the surface or obstacle terrain, naturally incorporating terrain undulations and
occluding objects [30].

Figure 3 illustrates a simple example that visually compares the Euclidean distance
(blue dashed line, from A to B in a straight line) with the geodesic distance (red curve, the
shortest path from A to B along the surface).

Figure 3. The Euclidean distance (blue dashed line) vs. the geodesic distance (red solid line).

Based on the distance calculation method, sensing models in WSNs can be categorized
into the binary sensing model, probabilistic sensing model, and directional sensing model.
In 3D space, these sensing models are typically used according to different requirements
and application scenarios. In contrast, for 3D surfaces, LoS constraints are often combined
with the sensing models (as discussed in [31]), or geodesic distance is employed instead of
the traditional Euclidean distance (as explained in [32]). For details on LoS determination,
see Section 2.2; for a comparison of sensing models and constraints in 3D space and on 3D
surface, refer to Table 4.

Table 4. Sensing models and constraints in 3D space and surface.

Coverage Type Case Sensing Model Distance Type LoS Constraint
3D Space case 1 binary, probabilistic, directional Euclidean distance No
3D Surface case 1 binary, probabilistic, directional Euclidean distance Yes

case 2 binary, probabilistic, directional geodesic distance No

2.1.1. Binary Sensing Model

The binary sensing model is a common model in WSNSs. It assumes that a sensor can
perfectly detect any point located within a fixed sensing radius Rs but cannot detect points
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outside this range. For a target point p in the region of interest (Rol), the probability that p

is covered by sensor s, denoted as P;

j, can be expressed as

1, ifd(s,p) <Rs

0, otherwise

()

ij —

This binary sensing model provides a deterministic and computationally simple
framework for coverage analysis. However, in practical applications, it fails to accurately
reflect the sensing characteristics of sensor nodes due to factors such as external noise,
obstacles, and the attenuation of wireless signal strength with increasing distance. This
model is illustrated in Figure 4a.

=

Figure 4. Binary sensing model and probabilistic sensing model. (a) Binary sensing model. (b) Proba-
bilistic sensing model.

To better capture the complexity of real-world environments, some studies have pro-
posed enhancements to the traditional binary sensing model. For instance, the authors
in [33] adopt an ellipsoidal sensing region instead of a circular one. This modification more
accurately reflects signal propagation characteristics in practical scenarios, e.g., anisotropic
attenuation or directional sensor properties, thereby improving the realism and effective-
ness of sensor deployment strategies.

2.1.2. Probabilistic Sensing Model

The probabilistic sensing model is a more realistic approach in wireless sensor net-
works, addressing the limitations of the idealized binary model by incorporating uncer-
tainty in detection. Unlike the deterministic binary model, it accounts for signal attenuation,
environmental noise, and obstacles by defining sensing probability as a continuous function
of distance. The computational method of this model can be expressed as

1, ifd(s,p) <Rs — R,
Pjj = qesp)=r)f g R —R, < d(s,p) < Rs+ R, 3)
0, ifd(s,p) > Rs + R,

where R, represents the uncertainty range of the sensing boundary, and « and p control
the decay rate and shape of the sensing probability curve near the boundary, respectively.
Within the range Rs — R,, the sensor can reliably detect targets: in the interval between
Rs — R, and R; + R,, the sensing probability decreases exponentially with increasing
distance; beyond R; + R,, the sensing probability drops to zero. This model is shown in
Figure 4b.

However, some studies have simplified the traditional probabilistic sensing model [34,35]
as defined in Equation (4). This simplified model replaces the uncertain sensing boundary
interval with a fixed radius Rs, where A is a parameter related to the physical characteristics
of the sensor node. It removes the gradual probability decay and exponential function,
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using a binary sensing judgment instead. This improves computational efficiency but
results in lower realism:

e~ M) if d(s, p) < Rs
0 if d(s, p) > Rs

2.1.3. Directional Sensing Model

Directional sensing models describe the limited field of view and sensing range of sen-
sors using 3D geometric shapes such as pyramids, cones, or spherical sectors, distinguishing
them from traditional omnidirectional models. These models precisely characterize the
sensing direction and area of nodes through parameters like horizontal angle, vertical angle,
and orientation. They can also incorporate distance and angle attenuation to construct
probabilistic sensing functions, and some models allow adjustment of sensing direction to
adapt to environmental and task requirements. Such features reflect the actual working
conditions of sensors and optimize node deployment and coverage in 3D space.

Different studies have adopted various directional sensing models. In [36], the sensing
range of a video sensor is modeled as a pyramid (as illustrated in Figure 5a), similar to a
camera’s view frustum, with the trapezoidal monitoring area determined by parameters
such as horizontal field of view, vertical field of view, and tilt angle. Considering that
objects may not be clearly imaged if too close to the camera, the authors in [17] define
the sensing range as a frustum-shaped pyramid. In [37], a pyramid perpendicular to the
horizontal plane is used as the sensor’s sensing model. The authors in [38] propose a 3D
cone directional sensing model (as illustrated in Figure 5b) by integrating target height
information and sensor sensing radius; its range is determined using conical geometry and
directional parameters, with coverage varying according to pitch and deflection angles. To
adjust the sensing range more efficiently, the authors in [39] apply a spherical sector model
(as shown in Figure 5c) to represent the directional sensing range of a sensor node.

In addition, other studies such as [40-43] also employ various 3D directional sensing
models to more accurately describe the spatial sensing characteristics of directional sensors
operating in complex and heterogeneous environments. These models often consider
factors like limited sensing angles, coverage range variations with distance, and the impact
of terrain or obstacles, enabling more precise modeling of sensor behavior in 3D space.

(a) (b) (c)

Figure 5. Directional sensing models. (a) Pyramid sensing model. (b) Cone sensing model. (c) Spheri-
cal sector sensing model.

2.2. Blind Zone Detection over 3D Surfaces

Occlusions on 3D surfaces create blind spots for sensor monitoring, which can signifi-
cantly impair the accuracy and effectiveness of sensor nodes. Common methods for blind
spot detection include the digital elevation model combined with the Delaunay triangula-
tion (DEM-DT) model, algebraic geometry approaches, and the Bresenham LoS algorithm.
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2.2.1. DEM-DT Model

The blind spot detection method proposed in [31] combines the digital elevation model
(DEM) with Delaunay triangulation (DT). Its core idea is to transform complex terrain
surfaces into multiple triangular regions using DT, deploy sensor nodes at the circumcenters
of these triangles, and set the sensing radius to cover all vertices. An example of the DEM-
DT approach is shown in Figure 6.

Figure 6. An example of the DEM-DT model.

In this example, 7 = {t1, t», t3} represent the three vertices of the DT with elevation
information, O; denotes the circumcenter of the DT, and Q* = {q1,42,43} and Q = {Q1,
Q2, Q3} are interpolation points calculated based on the elevation values at t1, t5, t3. Let z,
denote the elevation values of point p € 7 U Q U Q*. Hence, the calculation formulas for
these interpolation points and elevation values are given by Equations (5)—(11):

Zt, + 2t
Z‘h = ! 2 . (5)
zZy + Zt
ZqZ = ! 2 . (6)
Zt, + Zt,
2y = 22t )
z0 :02'2t1+zt2+zt3 +08.Zq1+z‘72+z‘73 (8)
1 ’ 3 ' 3
Zt, + Zo Zg t 24
2, = 05- =52 +05- L —F 9)
z Z Zg, +2
20, = 05- 2770 4 g5 Fn "2 (10)
2 2
Zt, + 2 Zg, +2
20, = 05- ==L +05- £~ (11)

The rule for judging whether a blind spot exists in the region where a sampling point is
located is as follows: If the elevation value z of a sampling point Q € Q exceeds any vertex
elevation z; and also exceeds the circumcenter elevation zp, (as shown in Equation (12)),
then a blind spot exists in this region; otherwise, the region is considered fully covered. Let
P; denote the decision variable for the blind spot, and thus Ps can be derived as follows:

—_

, VQGQ,VfET,ZQSZt
, VQe QVte T,z <zg < zo, (12)
0, ElQ €Q,dteT,zt < Z0, and zo, < 2Q

P; =

—_

Thus, by combining the sensing models in (2) or (3) with Equation (12), the improved
model can detect blind zones and be applied to 3D surfaces with occlusions. In this combined
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model, P;; is the traditional sensing probability, and P is the decision variable for the blind
spot. The combined sensing model is expressed in Equation (13):

P=P;-P (13)

2.2.2. Algebraic Geometry Method

Algebraic geometry methods involve creating equations for the lines connecting sensor
nodes and target points. These equations are then used to check for intersections with
surfaces described by functions like z = f(x,y). If an intersection is detected, it signals
potential occlusion.

To better illustrate this algebraic geometry-based approach, a representative example
is provided in Figure 7, which clearly shows how to determine the precise intersection point
between a LoS and a surface [44,45]. It emphasizes the geometric calculations involved and
their practical application in sensing and coverage analysis.

Figure 7. An example of the algebraic geometry method.

Let (xs,Ys,2s), (Xa,Ya,2za), (Xp, Yp, 2p), and (X, yc, zc) denote the coordinates the sensor
node S and the three target points A, B, and C, respectively. Q1 and Q; are the midpoints
of line segments AS and CS, respectively. The terrain surface is modeled as z = f(x,y).
Equation (14) represents the intersection between spatial line segment BS and the 3D
surface z = f(x,y). If Equation (14) has at least one solution, it indicates an obstacle exists
between the two points, and target point B cannot be covered by sensor S:

x_xs — y_ys — Z_ZS
Xp—=Xs  Yp—Ys Zp—2Zs (14)
z=f(xy)

Equation (15) represents the height relationship between midpoint Q1 (x,, yg4,24) of line
segment AS and the 3D surface. If the elevation value zg, of Qy, is less than the corresponding
value of the surface function, there is an obstruction at this point, and target point A cannot
be covered by sensor S:

0 ifzg, < f(x5,¥4)

PCOV(S/ A) = .
1 otherwise.

(15)

A target point is covered by a sensor only when the following three conditions are met
simultaneously: (1) the sensing probability P;; = 1; (2) Equation (14) has no solution; and
(3) the value of Equation (15) equals 1.

2.2.3. Bresenham LoS Algorithm

The Bresenham LoS algorithm is frequently employed for occlusion analysis in 3D
surfaces, especially suitable for blind spot detection in DEM or discrete terrain environ-
ments. The algorithm functions by discretely “drawing” a straight line between the sensor
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node and the target point. It then iterates through all grid cells along this path to check if
any obstacle’s height exceeds the current height of the straight line so as to determine the
existence of a LoS.

Figure 8 presents a simple LoS scenario. For the sensor s and target points p; and
pa2, if the height of every corresponding grid between them does not exceed the spatial
line segment 5p7, it means there is no obstacle between the sensor and p;, i.e., a LoS exists
between s and p;. Conversely, there is no LoS between s and target point p, [46].

Figure 8. A Bresenham LoS scenario.

For a target point to be covered by a sensor, two conditions must be met: (1) the
sensing probability P;; = 1; and (1) a LoS must exist between the sensor and the target
point. The Bresenham LoS algorithm has been applied in blind spot detection on 3D
surfaces in studies like [47-49].

2.3. Coverage and Connectivity

In 3D WSNSs, coverage and connectivity are two core design elements that determine
network performance and reliability. A well-planned node deployment must balance both
to ensure effective monitoring of the target area while enabling stable data transmission
among nodes. However, the complex spatial distribution of nodes in 3D environments
makes optimizing coverage and connectivity extremely challenging.

2.3.1. Coverage

Coverage in WSNs is categorized based on sensing redundancy into I-coverage, K-
coverage, and Q-coverage. These classifications guide the design and optimization of sensor
placement to meet specific coverage objectives.

1-coverage requires every target point in the monitored area to be covered by at least
one sensor node. With minimal redundancy, this model is ideal for applications with lim-
ited resources or low fault-tolerance needs. Its simplicity makes it widely used in initial
deployment planning, basic layout optimization, and blind spot elimination. K-coverage
enhances reliability by mandating each point to be covered by at least K sensors, improving
redundancy and fault tolerance. For example, in cultural heritage site microclimate monitor-
ing [50], robust K-coverage over complex 3D surfaces is critical. Studies like [14,32,51,52]
have proposed optimization strategies to achieve effective 3D K-coverage. Q-coverage in-
troduces flexibility by covering points with varying numbers of sensors based on their
importance, supporting prioritized and hierarchical monitoring. Approaches in [53,54]
dynamically adjust coverage levels to optimize resource allocation and boost reliability in
3D scenarios.

Coverage performance, a key metric for evaluating how well the monitored region is
covered, reflects the spatial effectiveness and sensing reliability of the network. A more
comprehensive metric is the quality of coverage (QoC) [55], defined as

[X(S)]

QoC = (16)
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where X(S) = {p € P | 3s € S,d(s, p) < Rs} denotes the set of target points that can be
covered by the deployed sensors S, and # is the total number of monitored target points.

2.3.2. Connectivity

Connectivity is vital for network integrity and efficient information transmission
in WSNs, enabling communication between nodes and enhancing fault tolerance and
robustness. It is classified by connectivity degree into 1-connectivity and m-connectivity.

I-connectivity ensures at least one path exists between any two sensor nodes, main-
taining network connectivity as long as such paths persist. m-connectivity requires at least
m node-disjoint paths between any pair of nodes. In graph theory terms, a network is
m-connected if removing (1m-1) nodes does not disconnect the graph [56]. This property
inherently provides fault tolerance, ensuring that the network remains connected even if
up to (m-1) nodes fail or are compromised. Fault tolerance is critical in 3D WSNSs, as nodes
may fail due to energy depletion, hardware faults, or environmental hazards. Maintaining
multiple independent paths through m-connectivity ensures the network continues to work,
supporting reliable data collection and communication in harsh or dynamic environments.
To improve reliability, studies like [40] require each sensor and relay node to connect to at
least two relays, preventing communication failures from node energy depletion.

The quantitative assessment of connectivity uses metrics such as quality of connectivity
(QCon) [57]:

m
QCon = % PR (17)
i=1

where m is the number of deployed sensors, and S; is a decision variable used to determine
whether there is a path between a node s; and a base station (binary: 1 for successful commu-
nication, 0 otherwise). Other metrics include the proportion of isolated nodes (nodes unable
to communicate with others or the base station) used in [58], and the average node degree
from [59]:

m
QCon = l Z Deg; (18)
mis

where Deg; is the number of neighbors of node S;. Additionally, the authors in [33,60]
define the connectivity ratio as the ratio of existing communication paths to the theoreti-
cal maximum.

2.4. Sensor Mobility

In complex 3D environments such as mountainous terrain and underwater regions,
sensor nodes are often initially deployed randomly due to deployment constraints, resulting
in coverage holes. Introducing mobile nodes for post-deployment adjustments can enhance
the network’s overall coverage and robustness. Compared to static WSNs, mobile WSNs
offer higher adaptability and flexibility, making them widely applicable in monitoring,
surveillance, search and rescue, and exploration of dangerous environments.

Based on node mobility, deployment strategies can be categorized into fully static,
fully mobile, and hybrid deployments. Fully static deployment features a simple structure
and low energy consumption but has limited adaptability to environmental changes. Fully
mobile deployment allows for dynamic coverage adjustments but incurs high costs and
energy consumption. For example, the authors in [61] employed mobile robots to achieve
coverage in 3D space and reduce mobile energy consumption and extend lifetime through
mobile optimization strategies and pre-designed mobile paths. Hybrid deployment strikes
a balance between energy efficiency and adaptability because they confine mobility to a
subset of nodes, thereby reducing the movement overhead while still retaining adaptability,
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which prolongs operational lifetime compared to fully mobile systems. In [62], both static
and mobile nodes are randomly deployed on a 3D surface. After detecting coverage holes,
only redundant mobile nodes near the holes are moved, reducing unnecessary energy
consumption. Additionally, mobile nodes are required to maintain at least one neighbor
connection during relocation to preserve network connectivity. A similar approach is used
in [51] to balance coverage and energy efficiency.

In mobility-based deployments, energy consumption is dominated by node movement,
which requires continuous mechanical or propulsion effort and rapidly depletes batteries.
As a result, maximizing network lifetime relies on minimizing unnecessary relocations
and optimizing movement trajectories. Since sensor nodes operate with limited energy,
especially in harsh environments, efficient energy management is critical; otherwise, node
failures due to energy depletion may disconnect the network and disrupt data transmission.
In [62], the maximum moving distance d,;,x for a node is constrained by its remaining

. n ET@S
dmgx —_— T (19)

where k is a constant representing energy consumption per unit distance, and 7 is the expo-

energy E.s, expressed as

nent depending on the energy model. This formulation ensures energy-aware movement
and prolongs the network’s operational lifetime.

2.5. Signal and Protocol Effects in 3D WSNs

Signal propagation characterizes the properties of the radio channel, which are closely
related to environmental and physical parameters. By predicting radio frequency signal
attenuation and distortion, the expected received signal strength can be estimated. Sensors
are generally assumed to be distributed on the same plane in 2D WSNs, where signal
propagation is mainly affected by loss of free space and minor terrain reflections, resulting
in relatively simplified models. In contrast, sensors deployed in complex environments,
such as high-rise buildings, forests, or mountainous environments, exhibit significantly
more complex propagation due to multipath effects and obstacle shadowing [63].

In 3D environments, the received signal strength indicator (RSSI) is commonly used
to evaluate link accessibility, with its relationship to the transmit power expressed by the
path-loss model [33]:

PowR = PowT -a-u~® (20)

where PowT denotes the transmission power, PowR denotes the reception power, u is the
distance between nodes, @ is the path loss exponent, and « is an environment-dependent
constant. In practice, RSSI is often considered together with the frame error rate (FER) to
determine reliable neighboring links. For example, RSSI must be above a threshold and FER
below 0.4 to ensure link. The study of terrain measurement by the authors in [63] shows
that low-altitude nodes in complex terrains experience propagation losses far beyond the
predictions of 2D models, demonstrating the need for refined modeling for 3D scenarios.

Antenna directivity and interference also have a considerable impact on signal propa-
gation. The authors in [64] demonstrate that optimizing antenna downtilt can significantly
improve coverage probability and suppress inter-cell interference in heterogeneous 3D
cellular networks. Similarly, the authors in [65] demonstrate through a three-dimensional
ray-tracing framework that obstacles, building structures, and multipath propagation
profoundly affect the performance of low-power networks such as LoRaWAN.

Signal propagation characteristics directly affect protocol design. Protocols determine
how nodes manage channel access, data transmission, and energy consumption, all of which
are shaped by the propagation environment. For instance, in 3D scenarios with stronger
multipath and interference, protocols need to include more robust access control and error
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recovery mechanisms to maintain reliability and energy efficiency. Among existing solutions,
IEEE 802.15.4 is the most widely used standard for short-range, low-power communication,
and has been extensively adopted in WSN deployments [66].

In summary, signal propagation models and communication protocols jointly influ-
ence the performance of WSNs, including coverage, connectivity, and energy consumption.
Therefore, selecting appropriate propagation models and protocol mechanisms is criti-
cal to enhancing the performance and reliability of deployment algorithms in complex
3D scenarios.

2.6. Simulation Maps for Node Deployment in 3D WSNs

Simulation maps play a crucial role in node deployment, as they provide repre-
sentations of terrain features essential for optimizing sensor placement, coverage, and
connectivity in real-world applications. They are often supported by simulation tools to
assist in modeling and evaluation [67]. Node deployment coverage types in 3D WSNs
mainly include 3D space and 3D surface. The former primarily utilizes spherical sensing
models to achieve complete coverage in regular geometric spaces like cubes, while the
latter relies on actual or simulated terrain data for node deployment in surface scenarios.
This section focuses on the latter, discussing the construction and representation of 3D
surface maps.

2.6.1. Map Sources

Sources of 3D maps primarily fall into three categories: (1) real-world map acquisition
using sensors or remote sensing technologies; (2) function-based or software-assisted
generation via simulation tools or terrain modeling algorithms; and (3) direct download
from public datasets as illustrated in Figure 9.

wiap
_1

(a) (b)

Figure 9. Map sources. (a) Real-world map acquisition. (b) Function generation. (c) Public dataset.

Real-World Map Acquisition: Real-world maps can be constructed through various
methods, such as unmanned aerial vehicle (UAV) image capture, point cloud reconstruction,
simultaneous localization and mapping (SLAM), and manual annotation. Common devices
for map collection include UAVs, LiDAR sensors, RGB-D cameras, GPS modules, and
multiview camera systems [68,69]. Although manual annotation is time-consuming, it
provides precise and controllable parameters for small-scale scenarios. For example, the
authors in [70] manually position buildings and terrain elevations to construct a campus
environment and a flat residential area; researchers in [50] model a museum exhibition hall
in Zhejiang, with sensors restricted to predefined installation panels; and in [48], satellite
imagery is used to sample points every 10 m on Dagong Island, reconstructing a realistic
3D terrain model.

Synthetic Map Generation: Beyond self-constructed maps, some studies employ
mathematical functions or modeling software to generate synthetic maps, enabling the rapid
creation of terrain environments. For instance, the authors in [49,71] utilize MATLAB’s
“peak” function to simulate hilly terrains; the study in [21] generates a concave surface using
an inverted conical function combined with an Archimedean spiral; in [72], Terragen and
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Ridged Perlin Noise are applied to create mountainous terrain, with parameters controlling
slope steepness; in [73], the Blender graphic package is used to define plains, plateaus,
and hills with custom boundaries; and the authors in [37] present a method for generating
random 3D maps using parameterized terrain generation tools available online.

Online Data Acquisition: To avoid overly regular terrains produced by mathematical
functions, some studies directly use elevation data from online geographic databases for
terrain reconstruction. For example, the authors in [74] use real elevation data from the
Geospatial Data Cloud to construct simulation maps; in [75], Zonums Terrain Extractor is
used to extract elevation grids from selected regions in Google Maps, constructing four
typical terrain scenarios; and in [76], NASA’s 2005 SRTM data is used to simulate both
urban and forested valley regions near UC Santa Cruz.

2.6.2. Representation Formats of Maps

Once a 3D map is constructed, it must be represented using appropriate data formats
to facilitate spatial analysis, sensor deployment, and simulation. Common representation
formats include DEM and function-based surfaces.

Representation formats of DEM data include (a) contour-based structures; (b) gridded
DEM (GDEM); amd (c) triangulated irregular networks (TIN) [77] as shown in Figure 10.
Among these, GDEM and TIN are commonly used in 3D WSN deployment.
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Figure 10. Representation formats for DEM data. (a) Contour model. (b) Grid model. (c¢) TIN model.

GDEM represents terrain as a regular grid of elevation values stored in a 2D array,
with each cell indicating surface height. The accuracy of a GDEM directly depends on
its sampling density. In [74], different sampling resolutions are compared to demonstrate
the balance between accuracy and simulation performance. Studies in [46,78] also adopt
GDEM for map modeling.

TIN constructs irregular meshes using Delaunay triangulation, effectively adapting to
a complex terrain. It adjusts point density based on terrain variation, denser in rugged areas
and sparser in flat zones, enabling the expression of terrain details like ridges and valleys.
TIN-based representation is adopted in studies such as [32,72,73] to model complex terrain
features for deployment analysis. Additionally, in [75], the authors introduce the concept
of visibility triangles to determine the LoS relationship between adjacent faces and merge
visibility triangles to simplify the terrain with TIN. Two triangles are considered mutually
visible only if they meet two key requirements: they must share a common edge, and all
points in the triangles must have LoS with each other as determined by the Bresenham
algorithm. As illustrated in Figure 11, triangles ¢; and ¢, are mutually invisible, while t3
and t4 are visible to each other.
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Deployment Algorithms

in 3D WSNs

Figure 11. An example of visibility triangles (#; and t, are invisible, t3 and t4 are visible).

Function-based surface representations describe terrain features using continuous
mathematical expressions, offering a high degree of flexibility and analytical simplicity.
These models are particularly useful for simulating synthetic terrains where parameters
such as elevation, slope, and curvature can be precisely controlled. For example, the study
in [20] defines the following function as Equation (21) to generate continuous rolling surfaces:

(x —50)2 + (y — 50)2> 1)

z:80~exp(— 00

Such mathematical models are especially suitable for controlled environments or
algorithm testing scenarios where the terrain structure must be explicitly defined. Sim-
ilar approaches have also been employed in [79] to construct simulation terrains for
node deployment.

3. Mathematical Algorithms for Deployment in 3D WSNs

In recent years, various algorithms have been proposed to optimize node deployment
in 3D WSNSs. These algorithms can be classified into six categories: classical algorithms,
computational geometry algorithms, virtual force algorithms, evolutionary algorithms,
swarm intelligence algorithms, and approximation algorithms as shown in Figure 12. This
section briefly explains the basic principles and computational models.

Classical Algorithms Polyhedral Structure (mainly space)

Vertex Coloring (mainly space)

Computational Geometry . )
(CG) Algorithms Voronoi Diagram (VD) (space + surface)

Delaunay Triangulation (DT) (space + surface)

Virtual Force Algorithms (VFA)

(space+surface)

Evolutionary Algorithms (EA) Genetic Algorithm (GA) (space + surface)

Differential Evolution (DE) (space + surface)

Particle Swarm Optimization (PSO) (space + surface)

Swarm Intelligence (SI) Algorithms / Artificial Fish Swarm Algorithm (AFSA), Fruit Fly
Optimization Algorithm (FOA), Sparrow

\ Search Algorithm (SSA), and Cuckoo Search Algorithm(

CSA), ... (space + surface)

Approximation Algorithms

Greedy Algorithm (space + surface)

Figure 12. Deployment algorithms in 3D WSNs.

3.1. The Principle of Classical Algorithms

Classical deployment algorithms in 3D WSNs typically rely on geometric partition-
ing and graph-theoretical methods. These approaches ensure coverage and connectivity
through structured spatial filling and discrete node placement. This section discusses
two commonly used classical approaches: polyhedral filling algorithms [80] and vertex-
coloring-based deployment strategies [81].
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3.1.1. Polyhedral Structure

The fundamental idea of the polyhedral structure approach is to treat the 3D mon-
itoring region as a space composed of geometric units, with sensor nodes placed at key
points within each unit. This enables regular and uniform node coverage across the entire
region. Common filling structures include polyhedrons such as cubes, triangular prisms,
quadrangular pyramids, and hexagonal prisms [80] as shown in Figure 13. These structures
can either fully fill the 3D space or approximate it.

———
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Figure 13. Polyhedral structures and an example of cube-based filling method: (a) cube, (b) quadrangular

pyramid, (c) triangular prism, (d) hexagonal prism, (e) rhombic dodecahedron, (f) truncated octahedron,
(g) goldberg’s equilateral octahedron, (h) elongated dodecahedron, (i) rhombic triacontahedron.

Figure 13 also shows an example of the cube-based filling method. In this case, the
target cubic region is divided into smaller cubes, with sensor nodes placed at the vertices of
these small cubes. Each node has a spherical sensing range with radius r. By constraining
the relationship between the sensing radius r and the cube edge length 4, complete coverage
of the target space can be theoretically guaranteed [82].

3.1.2. Vertex Coloring

The vertex coloring problem (VCP) aims to assign colors to vertices in a graph such
that adjacent vertices have distinct colors, while minimizing the total number of colors
used. In sensor deployment, this approach enables coverage of all target points with the
minimum number of sensor nodes and ensures no target is redundantly monitored by
multiple sensors. To apply VCP, an undirected graph G = (V, E) is constructed, where
the vertex set V(G) = {v;}" | represents target points. Edges are defined based on the
sensing range R and the distance dist(v;, v;) between two target points: if dist(v;, v;) > R;,
an edge (v;,v;) € E exists. This indicates that the two targets cannot be effectively covered
by the same sensor and must be monitored by different sensors, represented by adjacent
vertices in the graph [81].

To illustrate the process of vertex coloring, Figure 14 presents a simple example. Target
points are distributed within a monitoring area, and an undirected graph is built based
on their mutual distances. An edge between two vertices means the corresponding target
points cannot be covered by the same sensor. After vertex coloring, target points with the
same color can be covered by a single sensor, while those with different colors require
separate sensors. In this example, three colors are used, indicating at least three sensors are
needed to cover all target points.
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target points
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sensor 2 @ @

sensor 3 @ @

Figure 14. An example of the vertex coloring method.

3.2. The Principle of Computational Geometry Algorithms

Computational geometry algorithms are important for node deployment in WSNs.
Among them, the Voronoi diagram (VD) and Delaunay triangulation, as a pair of dual
geometric structures, are widely used to describe the spatial relationships between sen-
sor nodes. They can optimize key deployment requirements such as coverage, network
connectivity, and energy efficiency.

3.2.1. Voronoi Diagram

The Voronoi diagram [83] is a classical spatial partitioning method that divides a
plane into adjacent polygons called Voronoi cells. Each cell is formed by the perpendicular
bisectors between the positions of neighboring nodes. In WSNs, the VD partitions the
monitoring area into multiple cells, each corresponding to a sensor node. The Voronoi cell
contains all points closest to its corresponding node. By defining each node’s coverage area,
the VD enables accurate evaluation of network coverage and identification of coverage
holes. It can also determine the optimal sensing radius, and support energy balancing and
self-organization in the network.

3.2.2. Delaunay Triangulation

Delaunay triangulation is the dual structure of the VD, providing an optimal method
for partitioning a set of points in a 2D plane into triangles. It ensures that no point lies
inside the circumcircle of any triangle, avoiding slender triangles and creating an optimal
connection structure. The VD and DT have a clear geometric duality: in WSNs, the VD can
be used to optimize coverage performance and detect coverage holes, while the DT can be
used to construct communication topologies to ensure connectivity.

Figure 15 shows a VD and its dual DT in a 2D plane, where the black points are
sensor nodes. The Voronoi cells partition the target area, and the Delaunay edges represent
optimal communication links. This combined representation simultaneously optimizes
coverage and network connectivity, and these fundamental principles can naturally extend
to 3D environments [73,84].

Delaunay triangulation
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Figure 15. Voronoi diagram and Delaunay triangulation in 2D plane.
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3.3. The Principle of Virtual Force Algorithm

The virtual force (VF) algorithm [85] optimizes the deployment of sensor nodes by
assuming the existence of virtual forces between nodes, and between nodes and the envi-
ronment. This approach requires nodes to be homogeneous, mobile, and equipped with
positioning capabilities (e.g., via GPS or other localization methods).

In the classical virtual force model, each sensor node s; is subjected to three types of
forces simultaneously: (1) repulsive force FR, which maintains a safe distance between
nodes and environmental obstacles; (2) attractive force FlA, which guides nodes toward
high-priority monitoring areas; and (3) interaction forces F;; from other nodes s;, which can
be either attractive or repulsive depending on the relative distance and direction between
the nodes. A threshold distance dy, is set to control the minimum distance between nodes,
preventing excessive proximity or separation.

The composite force F; acting on node s; is the vector sum of these forces:

k
F,=F+F!+ ) Fj; (22)

j=1
J#i
Nodes move along the direction of F; to approach the system’s mechanical equilibrium.
Specifically, when the distance between two nodes is less than dy,, F;; acts as a repulsive
force to avoid overlap; when greater than dy,, it acts as an attractive force to enhance
network connectivity. Figure 16 illustrates the interaction forces between nodes at different
distances. Assuming dy, = 2 X R;, there is no interaction force between sensors s4 and s;
because d14 = dy,; an attractive force f1, acts on s1 since d1p > dy,; and a repulsive force fi3
acts on s; when dq3 < dy,.

attractive.

g:force fi2
s, repulmze
force fi3
composite
S
force F;

Figure 16. An example of virtual forces on a node.

Additionally, repulsive forces from obstacles or deployment region boundaries can be
added to simulate obstruction when nodes approach them [39]. Some studies introduce
gravity as an attractive force [20] or targeted attraction from key regions [86], treating these
critical areas as “mass points” with gravitational pull to encourage node movement toward
high-priority zones. By continuously summing these forces and iteratively updating node
positions, the virtual force model effectively enables adaptive sensor deployment in WSNs.

3.4. The Principle of Evolutionary Algorithms

Evolutionary algorithms are a class of optimization methods inspired by natural
selection and population evolution mechanisms. They are particularly suitable for handling
complex multi-objective problems, as they can explore multiple solutions simultaneously
and adapt well to different conditions. The basic process involves continuously evolving
the population through initialization, fitness evaluation, selection, and variation operations
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to generate new solutions. This section focuses on two representative algorithms: genetic
algorithms and differential evolution algorithms.

3.4.1. Genetic Algorithm

The genetic algorithm [87] simulates natural evolution processes. It evaluates the
fitness of each individual in the population, selects high-quality parents for crossover and
mutation to generate new offspring, and repeats these operations to continuously optimize
the population, gradually approaching the optimal solution. Different versions of GA
mainly differ in the methods used to select parents and generate new individuals.

GA represents potential solutions using chromosome structures, which are commonly
encoded in binary, real numbers, or permutations. Its basic process includes the following
steps: (1) Initial population: GA starts with a randomly generated population, often
initialized using a Gaussian distribution. Each individual is represented by a chromosome
composed of a set of variables (genes). The initial population should broadly cover the
search space to enhance the algorithm’s exploration capability and increase the likelihood
of finding the optimal solution. (2) Fitness evaluation: The fitness value of each indi-
vidual is calculated by evaluating its performance on the target function, with higher
values indicating better solutions. (3) Selection: Based on fitness values, high-quality
individuals are selected as parents for the next generation using methods such as roulette
wheel selection or tournament selection. These approaches ensure that better solutions
have a higher probability of passing on their genes. (4) Crossover: The selected parent
chromosomes undergo genetic recombination to produce new offspring. Taking uniform
crossover as an example, genes are exchanged between parents, which increases diversity
and enhances global search ability. (5) Mutation: Genes in the offspring chromosomes are
randomly modified with a certain probability to maintain diversity and prevent premature
convergence to local optima. (6) Update and iteration: The new offspring replace the old
population, and the processes of fitness evaluation, selection, crossover, and mutation are
repeated until the termination conditions are met, such as reaching the maximum number
of generations or achieving a satisfactory fitness level. Figure 17 illustrates an example of
crossover in Genetic Algorithm.

parent 1 [T [ [

parent2 [
\

crossover probability

offspring 1 [T ]
offspring2 [ [ T I

Figure 17. Uniform crossover.

3.4.2. Differential Evolution Algorithm

The differential evolution algorithm [88] is an evolutionary algorithm designed for
real-valued optimization problems. Its core lies in using differential information between
individuals to guide the search toward the global optimum. It features a unique mutation
mechanism and adopts real-valued encoding, avoiding the precision limitations of binary
encoding. The specific steps of DE are as follows: (1) Initial population: NP D-dimensional
real-valued vectors are randomly generated within the parameter space as the initial
population. (2) Mutation: For each individual, three different individuals x,1, X2, X3 are
randomly selected to generate a mutation vector v;, with the amplification of the differential
vector controlled by a mutation factor:

Vi =X+ F- (X2 —%3) (23)
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where F € (0,1) is the mutation factor that controls the amplification of the differential
vector. (3) Crossover: The mutation vector is combined with the original individual to form
a trial vector u;. A crossover probability and a random dimension ensure that at least one
component is derived from the mutation vector:

w — Vij, if rand(O, 1) < CRoOrj = jrand (24)
v x;j, otherwise

where u; ; represents the j-th dimension value of the trial vector u;, v; ; is the corresponding
value from the mutation vector v;, and x; ; is the corresponding value from the original
individual x;. The crossover probability CR € [0, 1] controls the likelihood of selecting
values from the mutation vector, while j..ng € [1, D] ensures that u; inherits at least one
component from v;. (4) Selection: The fitness of the trial vector f(u;) and the fitness of
original individual f(x;) is compared, and the better one is retained for the next generation:

gt [ i) < 00 -

x;, otherwise

where xf- *1 denotes the solution vector of the i-th individual in the (t + 1)-th generation.

As two representative evolutionary methods, GA and DE are well-suited for solving
complex optimization problems in 3D WSN deployment, particularly multi-objective issues
involving coverage, connectivity, and energy consumption.

3.5. The Principle of Swarm Intelligence Algorithms

Swarm intelligence algorithms are a class of optimization methods inspired by natural
collective behaviors such as bird flocking and fish schooling. These groups search for food
through cooperative strategies, where each member adjusts its search direction based on its
own experience and others. This section mainly introduces the principle of particle swarm
optimization algorithm.

Particle swarm optimization algorithm [89] is a representative swarm intelligence
algorithm, inspired by the collaborative behavior of bird flocks in food searching. This
method involves a group of particles (candidate solutions) that move through the search
space. Each particle adjusts its velocity and position based on its own experience and
the global knowledge of the swarm to search for the optimal solution. The basic steps of
PSO are as follows: (1) Initialization: Each candidate solution is called a “particle”, which
represents a point in the search space. For a problem with D variables, the position of the
i-th particle is denoted by the vector x;:

X; = [xill Xi2, Xi3s « vy xiD] (26)
The entire swarm consists N particles, denoted as

X={xy, x2, ..., xn} (27)

(2) Velocity Update:
The velocity of each particle in every dimension is updated using three components:
inertia, individual cognition, and social cooperation. The update formula is

fo:W'Vf+61'71'(Pi—xf)+62'72'(g_xf) (28)
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where w is the inertia weight, c; and ¢, are the acceleration coefficients for the individual
and social components respectively, 71, r; are random values generated from a uniform
distribution in [0, 1], p; is the best position found by particle 7, and g is the best position
found by the entire swarm. (3) Position Update: Each particle updates its position based
on the new velocity:

xf“ =x}+ V§+l (29)

(4) Fitness Evaluation and Iteration: Each particle’s fitness is evaluated using the
objective function and personal and global best positions are updated accordingly. This
process repeats until the termination condition is met such as reaching a maximum number
of iterations or achieving a desired fitness level.

In addressing node deployment problems in 3D WSNs, PSO and other swarm in-
telligence algorithms such as artificial fish swarm algorithm [90], fruit fly optimization
algorithm [91], sparrow search algorithm [59], and cuckoo search algorithm [92] are widely
applied to optimize node placement globally. These algorithms offer flexible and efficient
solutions for solving complex deployment tasks in dynamic and constrained environments.

3.6. The Principle of Approximation Algorithms

Calculating exact optimal solutions is often challenging, so approximation algorithms
are designed to find near-optimal solutions. These methods can obtain acceptable results
within polynomial time, making them widely applicable. Among them, the greedy al-
gorithm is one of the most popular approximation methods, thanks to its simplicity in
implementation, theoretical guarantees, and good practical performance. The authors
in [93] reviewed the performance guarantees of greedy strategies in solving submodular
function-constrained optimization problems. This section focuses on the basic principles of
the greedy algorithm. The greedy algorithm [94] constructs solutions step by step through
local optimal choices. At each step, it selects the currently “best” option (i.e., a local optimal
choice) with the aim of ultimately reaching a solution close to the global optimum. With
typically low time complexity, the greedy algorithm is well-suited for resource-constrained
WSNs environments.

Taking the target coverage problem as an example, its goal is to deploy the minimum
number of sensor nodes while ensuring each target point is covered by at least one sensor.
This problem can be modeled as a set cover problem, for which the greedy algorithm provides
a classic approximation solution. Assume there is a set of sensor nodes S = {s;}";, a set of
target points 7 = {t;}!" ;, and each node s; covers a subset X(s;) C T. The final selected
set of sensor nodes is denoted as S’ C S. The pseudo-code of a basic greedy strategy for
the target coverage problem is presented in Algorithm 1:

Algorithm 1: Greedy algorithm for coverage.
Input: 7,S
Output: &’

1 Initialize S’ <+ @, U « T.

2 whileld # @ do

3 Select sensor s* € S\ 8’ maximizing uncovered coverage:
4 s* = argmax |X(s) NU|;
seS\&’
5 | S’ SU{s*};
6 | U+ U\X(sY).

7 return S’
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The greedy algorithm is a fundamental approach for addressing NP-hard problems
such as coverage issues. For coverage problems in 3D WSN, it effectively solves key
optimization challenges like minimizing the number of nodes or maximizing the effective
coverage area. By formulating these tasks as submodular functions, the greedy algorithm
can theoretically provide guaranteed approximation solutions through iteratively selecting
the local optima.

4. Literature Review of Deployment Algorithms in 3D WSNs
4.1. Classical Algorithms

Classical algorithms for node deployment in 3D WSNs typically rely on regular
polyhedral structures and graph theory methods to achieve efficient node placement. The
focus of these methods is to minimize computational costs while ensuring coverage.

In practical urban scenarios, the study in [95] proposes a cuboid-based coverage model.
It establishes key mathematical relationships between the sensing radius and coverage
area, calculates the minimum number of nodes required to fully cover the target region,
and compares the number of nodes needed by different algorithms to achieve the same
coverage rate.

Using the binary sensing model, the study in [82] systematically evaluates several
geometric structures, including pyramids, triangular prisms, cubes, and hexagonal prisms.
Through theoretical analysis, it derives coverage predictions and node requirement esti-
mates. The results show that the pyramid structure achieved the highest coverage but
required the most nodes, while the hexagonal prism structure had the lowest coverage but
needed the fewest nodes. Based on this, an energy-efficient scheduling algorithm is pro-
posed, which reduced the number of active nodes by approximately half while maintaining
high coverage.

The approach in [80] explores a polyhedron-based deployment strategy, using nine
distinct convex shapes to fill the target region. The sensor closest to the centroid of each
polyhedron is activated to achieve coverage, and the condition Rs > 1.9046R. between the
sensing radius Rs and communication radius R, is restricted to ensure network connectivity.
Experimental evaluation demonstrates that the great rhombic dodecahedron provides
the best coverage quality among all polyhedra. Although all the above studies employ
polyhedral structures for node deployment, their sensor placement strategies differ. In [82],
sensors are placed at the vertices of the polyhedra; in [80], sensors are placed at the centroid
of each polyhedron; and the study in [95] adopts a hybrid placement strategy, deploying
sensors at the eight vertices and the centroid of the cuboid.

Some studies have innovatively applied traditional polyhedral tiling techniques to
deployment problems on 3D surfaces. In [96], an approximate surface model is constructed
from collected sample points. The entire 3D space is then filled with truncated octahedra,
and the centers of those octahedra intersecting the surface are projected onto their nearest
surface points, which serves as the final deployment locations of the sensors.

Graph coloring is also a classical deployment algorithm. In [53], the authors propose a
deterministic deployment algorithm based on vertex coloring to address the K-coverage
problem in 3D space. This method determines the required number of sensors based
on the spatial coordinates of targets, derives optimal sensor positions, and introduces a
breadth-first search algorithm for relay node deployment to enhance network connectivity.

A similar method is presented in [57], where the authors design a deployment algo-
rithm based on the vertex coloring method to determine the number and optimal placement
of sensors, achieving 100% target coverage in 3D space. For connectivity assessment, a
breadth-first search algorithm is used to count the number of sensors maintaining active
connections to the base station.
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To conclude this section, a comparative summary of classical deployment algorithms
in 3D WSNSs is presented in Table 5, highlighting the coverage type, deployment strat-
egy, adopted sensing model, optimization objectives, connectivity considerations, and
map sources.

Table 5. Comparison of classical algorithms in 3D WSN deployment.

Coverage . Sensing - .. Map
Type Algorithm  Strategy Model Objective(s) Connectivity Source
e maximize area coverage
Surface [96] truncated octahedron-based binary e minimize no. of nodes N/A real-world
e minimize overlapping area
[53] vertex coloring-based binary e minimize no. of nodes full connectivity cube
[57] vertex coloring-based binary e minimize no. of nodes full connectivity cube
9 convex . . ..
Space [80] polyhedrons-based binary e minimize no. of nodes full connectivity cube
rism. cube, pyramid e maximize area coverage
[82] p ’ ' PY / binary e minimize no. of nodes N/A cube
hexagonal prism-based L .
e minimize energy consuming
[95] cuboid-based probabilistic e minimize no. of nodes N/A cube

4.2. Computational Geometry Algorithms

Computational geometry algorithms utilize spatial partitioning techniques such as
VD and DT to precisely deploy sensors, and they are particularly effective in improving
coverage and connectivity in complex 3D WSNSs.

In [97], an energy-efficient coverage enhancement method was proposed, which
combined 3D Voronoi partitioning with the k-means algorithm. The monitoring space
was first divided into Voronoi cells, and then nodes were clustered using an energy-aware
k-means algorithm. Each cell was covered by a high-energy dominant node, while other
nodes remained in sleep mode. When the energy of the dominant node drops below a
threshold, a candidate node is activated to replace it. This strategy ensures full coverage
while reducing the number of active nodes, thereby lowering energy consumption and
extending network lifetime.

The study in [98] improves the traditional VD method by introducing two geometric
structures, i.e., cubes and regular dodecahedrons, to enhance network coverage. The
algorithm organizes sensor nodes into cooperative structural units and dynamically adjusts
their positions. Compared with traditional VD methods, this approach achieves better
coverage performance while reducing computational complexity and deployment time.

For underwater WSNs, the authors in [13,35] adopt depth adjustment schemes based
on Voronoi diagrams to solve node deployment problems. Both studies use a layered
deployment strategy, initially deploying nodes randomly on the water surface to form
a connected network. In [13], it assumes that the communication radius is much larger
than the sensing radius to ensure connectivity, and each node moves only once. In [35],
connectivity is maintained by keeping the distance between a sinking node and its upper-
layer neighbors within the communication radius R.. Additionally, a periodic initialization
process is introduced, allowing nodes to float to the surface and redeploy periodically to
reduce horizontal drift caused by water currents.

The deployment method in [73] combines Delaunay tetrahedralization and 3D Voronoi
diagrams. It first uses the Delaunay algorithm to divide the surface into tetrahedrons,
with the centers of these tetrahedrons serving as potential sensor positions. The Dijkstra
algorithm is used to check network connectivity, and overlapping nodes are dynamically
eliminated to optimize coverage and connectivity. This method is evaluated on flat, plateau,
and hilly terrains, showing robust performance in various 3D terrains.
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Focusing on 3D surfaces, the study in [84] proposes a deployment strategy that
combines Voronoi diagrams and Delaunay triangulation. The space is first divided into
Voronoi sectors, and then Delaunay triangulation is used to ensure network connectivity.
Sensor nodes are placed either at the centers of Voronoi cells or the vertices of Delaunay
triangles. Since Delaunay triangulation inherently maintains connectivity, this method
eliminates the need for additional validation, simplifying the deployment process.

In [32], mobile sensors with an adjustable and non-uniform sensing radius are used
to enhance network flexibility. The deployment algorithm minimizes the maximum sens-
ing radius while achieving K-coverage to reduce energy consumption (as energy usage
increases with sensing radius). By iteratively computing K-order Voronoi cells, positioning
sensors at the Chebyshev centers of these cells, and adjusting sensing ranges accordingly,
the network’s energy consumption is effectively balanced.

To conclude this section, Table 6 compares computational geometry-based deployment
algorithms in 3D WSNs, focusing on the coverage type, computational geometry structures
used, sensing model, node type, optimization objectives, control architecture (centralized
or distributed), and map sources.

Table 6. Comparison of CG algorithms in 3D WSN deployment.

Coverage . CG Sensing Node — Centralized/  Map
Type Algorithm Structure ~ Model Type Objective(s) Distributed Source
. mobile N fu.ll area coverage .
[32] VD binary heterogeneous e minimize the maximum centralized not state
8 sensing radius of nodes
Surface [73] VD + DT binary static ¢ maximize area coverage centralized not state
homogeneous e minimize no. of nodes
[84] VD + DT binary lsfgrtrli)geneous e maximize area coverage centralized tool generation
[13] VD probabilistic mobile ¢ maximize area coverage distributed cube
homogeneous e minimize energy consuming
[35] VD probabilistic hybrid ¢ maximize area coverage distributed cube
homogeneous e maximize network lifetime
Space [97] VD probabilistic mobile ¢ Maximize area coverage centralized cube
heterogeneous e minimize energy consuming
mobile e maximize area coverage
[98] VD binary homogeneous ® minimize deployment time centralized cube

e minimize move distance

4.3. Virtual Force Algorithm

Multiple studies have applied virtual force algorithms to node deployment in 3D
WSNSs, aiming to enhance coverage and connectivity while addressing challenges such as
node oscillation and energy consumption.

The studies in [20,99] explore the application of distributed virtual force algorithms in
deploying mobile sensors on 3D surfaces to achieve full coverage and maintain connectivity.
Specifically, the authors in [20] compare two initialization scenarios: random deployment
across the mountain surface and deployment starting from the bottom of the mountain.
The algorithm in [99] is validated on multiple sloped 3D surfaces. However, both studies
overlook the issue of node oscillation, which is a common drawback in virtual force-
based methods.

To tackle the limitations of the aforementioned algorithms, the authors in [79] develop
a two-phase deployment strategy that simultaneously optimizes energy efficiency and node
oscillation in 3D mountain environments. This strategy enables stable sensor movement
across various terrain types, resolving the oscillation problem while maintaining good
coverage, with nodes naturally stopping movement once full coverage is achieved.



J. Sens. Actuator Netw. 2025, 14, 94 26 of 42

Another focus is on addressing coverage holes. In [62], the authors aims to solve
coverage holes caused by irregular deployment or sensor failures. It adopts a hybrid
node strategy combined with virtual force adjustments: first, it detects coverage holes
using computational geometry methods, then redeploys redundant mobile sensors. This
significantly improves the coverage quality and extends network lifetime.

In 3D space, the study in [86] employs a virtual force algorithm to maximize coverage
and maintain connectivity, introducing a density control mechanism to prevent uneven
node distribution. However, it has high requirements for each node’s precise distance esti-
mation, obstacle detection, and relative positioning capabilities, which may pose challenges
in practical applications.

The studies in [39,100] adopt Voronoi diagram-based virtual force strategies to opti-
mize coverage and minimize energy consumption. They divide the 3D space using Voronoi
diagrams and adjust node positions via virtual forces, ensuring connectivity by main-
taining an appropriate ratio between the communication radius and sensing radius. The
researchers in [39] use directional and rotatable sensors, prioritizing rotational adjustments
to reduce movement costs; the authors in [100] employ a probabilistic sensing model and
restrict the movement of redundant sensors that do not cover any targets.

Unlike the aforementioned distributed virtual force algorithms, the authors in [101]
adopt a centralized approach for 3D space coverage. Although it exhibits high performance
in experimental environments, the centralized design may limit the scalability of large-
scale networks. The authors note that this algorithm can also be applied to 3D surface
deployment and directional sensor coverage.

To conclude this section, Table 7 compares virtual force-based deployment algorithms
in 3D WSNs, focusing on the coverage type, sources of attractive and repulsive virtual
forces, sensing model, control architecture (centralized or distributed), and map sources.

Table 7. Comparison of virtual force (VF) algorithms in 3D WSN deployment.

Coverage Aleorithm Source of Source of Sensing Model Centralized/ Map
Type & Attractive VFs Repulsive VFs & Distributed Source
[20] : ;ral‘s](:tr; ® sensors binary distributed function
[62] ® sensors ® sensors probabilistic distributed function +
Surface real-world
[79] : ;I;\s]?:; ® Sensors binary distributed function
[99] ® sensors ® sensors binary distributed function
® sensors © Sensors . L L
[39] o target areas e Rol boundaries directional distributed cube
& e obstacles
[86] : se;:iiflar area : f)ir;igzlses binary distributed cube
Space P
® sensors ® Sensors . e L
[100] o target areas e Rol boundaries probabilistic distributed cube
& e obstacles
[101] ® sensors ¢ sensors binary centralized cube

e Rol boundaries

4.4. Evolutionary Algorithm

Evolutionary algorithms often adopt multi-objective optimization techniques and
hybrid strategies, combining GA with other heuristic algorithms to balance coverage,
connectivity, energy consumption, and localization accuracy in complex environments.

In [46], the authors introduce a genetic algorithm with a wavelet-guided mutation op-
erator. By leveraging the signal processing capabilities of wavelet transform, this approach
significantly improves both coverage performance and algorithm convergence speed.
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Multi-objective genetic algorithms extend the basic genetic algorithm by optimizing
multiple conflicting objectives simultaneously. The study in [14] proposes different opti-
mization objectives for military and civilian scenarios. Through adaptive fitness functions
and constraint adjustments, it solves the deployment problems in both scenarios.

The authors in [47] combine an adaptive guided genetic operator with multi-objective
optimization for 3D surface deployment. This method considers forbidden areas where
sensors cannot be placed and introduce two optimization techniques to enhance solution
quality and computational performance. In [102], a three-phase deployment scheme is pro-
posed, along with a multi-response k-means GA. This approach optimizes five parameters
simultaneously and applies Pareto optimality to balance multiple objectives.

To address the limitations of traditional genetic algorithms, the authors in [33] combine
an improved particle swarm optimization algorithm with genetic algorithms, improving the
convergence speed, network coverage, and energy efficiency. The study in [51] combines
the non-dominated sorting genetic algorithm II with the ant colony optimization algorithm,
further considering network connectivity and the localization accuracy of mobile nodes,
confirming that the combined algorithm can significantly improve performance.

To tackle the localization accuracy issue raised in [51], the authors in [52] apply the DV-
Hop algorithm and a localization correction model based on the received signal strength
indicator and frame erasure rate, improving coverage and localization quality, but without
considering other objectives such as connectivity or network lifetime.

DE is also commonly used to solve deployment problems in 3D WSNSs. In [103], the
3D indoor deployment problem is formalized as an eight-objective optimization task, and
an improved multi-objective differential evolution algorithm is adopted, tested in buildings
with dynamic features like walls, doors, and windows.

Authors in several studies, such as [41,55,70], employ distributed multi-objective
differential evolution algorithms to optimize the deployment of 3D WSNSs.

Specifically, the authors in [55] propose an improved differential evolution algorithm
based on crossover rate ranking and polynomial mutation, dividing nodes into data sensor
nodes and cluster head nodes, and considering objective functions such as coverage,
lifetime, connectivity, and reliability. The clustering method used in the previous text is
shown in Figure 18. In addition, security management can be integrated into the selection
of cluster head nodes by evaluating node trust levels to ensure reliable cluster heads, thus
reducing attack risks and improving network security [104].
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Figure 18. The clustering method in WSNS.

In [70], a new distributed parallel differential evolution algorithm is introduced for
deploying heterogeneous and directional sensors on smart city surfaces. Using 3D city
maps, the deployment problem is constructed as a multi-objective optimization problem,
meeting key requirements for coverage, connectivity, and reliability.

Unlike [55,70], where the authors focus on 3D surfaces, the authors in [41] address the
coverage challenges inside 3D ship hulls. The proposed solution optimizes three indicators:
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coverage, network lifetime, and reliability. Comparative tests show that this method
outperforms traditional algorithms in optimization effect and computational efficiency.

To conclude this section, Table 8 compares evolutionary algorithm-based deployment
algorithms in 3D WSNSs, focusing on coverage objects, optimization strategies, objectives,
sensing models, node types, control architectures, and map sources.

Table 8. Comparison of evolution algorithms (EAs) in 3D WSN deployment.

Coverage . — Sensing Centralized/ Map
Type Algorithm Strategy Objectives Model Node Type Distributed Source
[46] GA single probabilistic ls’ltcé)ilillcogeneous centralized synthetic
[47] GA multiple probabilistic ls'1tc?rtll1cogeneous centralized synthetic
Surface
[55] DE multiple directional ;t;t;lcogeneous distributed dataset
[70] DE multiple directional ;t(?ricogeneous distributed real-world
[14] GA single probabilistic ;tc?rtlicogeneous centralized not state
. . static . cube +
[33] GA single binary homogeneous centralized real-world
[41] DE multiple directional ;teatteliogeneous distributed real-world
. . hybrid .
Space [51] GA multiple binary homogeneous centralized not state
[52] GA multiple binary Eybrld centralized real-world
omogeneous
[102] GA multiple binary ls'sttellc'ogeneous centralized not state
. . hybrid .
[103] DE multiple binary homogeneous centralized real-world

4.5. Swarm Intelligence Algorithm

Many studies have adopted swarm intelligence algorithms for node deployment in
3D wireless sensor networks. These methods often utilize hybrid or parallel strategies to
overcome local optima and accelerate convergence speed, effectively addressing challenges
in complex and dynamic deployment scenarios.

In the field of underwater deployment, the study in [105] considers the impact of
water currents and waves on node movement, proposing an improved fruit fly algorithm
to help mobile nodes resist such influences. Compared with the improved adaptive particle
swarm optimization algorithm, this approach achieves better coverage performance. For
underwater wireless sensor networks, the authors in [106] use the cuckoo search algorithm
to maximize coverage and minimize the number of nodes. Through random deployment
and position optimization, it outperforms random deployment strategies in both large-scale
and small-scale networks. Furthermore, the study in [92] further improves the cuckoo
search algorithm by introducing “survival of the fittest”, dynamic discovery probability,
and rotational adaptive strategies. Based on a directional sensing model, it maximizes
coverage while minimizing the required number of nodes.

For 3D surface deployment, the authors in [49] introduce an enhanced black hole
algorithm, which incorporates a multi-black hole model, dynamic weight factors, and
mutation operations to solve node coverage problems, outperforming the original black
hole algorithm in both benchmark tests and 3D coverage simulations. The study in [45]
proposes an improved marine predator algorithm, which divides the surface into grid cells
and optimizes search strategies and dynamic learning mechanisms to effectively handle
sensor deployment challenges on undulating and rugged terrains. The researchers in [71]
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address the high memory requirements of existing heuristic algorithms by developing
a compact particle swarm optimization algorithm suitable for 3D surface deployment,
combined with a Gaussian perturbation strategy to avoid local optima.

While most studies focus on maximizing coverage to improve overall deployment
performance of wireless sensor networks, ensuring connectivity is equally important for
reliable data transmission and network stability in practical applications. Hence, more
research considers both coverage and connectivity. The authors in [31] propose a 3D sur-
face optimization method based on Delaunay triangulation and an enhanced butterfly
optimization algorithm, solving the blind area problem on 3D surfaces by constructing a
3D probabilistic coverage model, with experimental results showing excellent performance
in both coverage and connectivity. In [44], the authors present an enhanced grey wolf
optimization algorithm for 3D surface node deployment, which enhances the exploration
capability based on standard methods and performs well in coverage and connectivity in
tests on 12 well-known benchmark functions. The study in [59] proposes a coverage opti-
mization strategy for 3D wireless sensor networks based on an improved sparrow search
algorithm, introducing a safety threshold attenuation function and a stagnation update
mechanism to overcome local optima and slow convergence, with experimental results
demonstrating improved coverage efficiency, connectivity, and reduced deployment costs.
In [58], a hybrid lion swarm optimization method is introduced for spatial deployment
optimization, which is successfully applied to coverage optimization in 3D wireless sensor
networks after evaluating 100 standard benchmark functions, showing good performance
in both coverage and connectivity. The researchers in [60] propose a novel distance calcula-
tion method based on signal attenuation, limiting the maximum node distance through a
path loss threshold, and combining an enhanced particle swarm optimization algorithm
with simulated annealing to enhance the ability to escape local optima. Compared with
traditional particle swarm optimization algorithms and 3D self-deployment algorithmes, it
performs better in coverage and convergence, and the signal attenuation model is verified
through actual deployment. The authors in [18] propose a multi-objective optimization
algorithm combining particle swarm optimization and multi-agent systems, addressing
five key network performance indicators: coverage, connectivity, localization accuracy, link
quality, and network utilization, with effectiveness verified through experiments on an
actual deployment platform.

In mobile node deployment, node movement leads to additional energy consumption.
Improper management may cause nodes to fail prematurely, affecting network stability
and lifetime. Therefore, energy control and maximizing network lifetime have become
important goals in 3D wireless sensor network deployment optimization. The study in [107]
developed a multi-objective competitive learning optimizer for 3D space sensor coverage
optimization, aiming for high coverage and low energy consumption, balancing these goals
by generating a Pareto front, and effectively reducing energy consumption and extending
network lifetime by reducing movement distance and position fluctuations during deploy-
ment. The researchers in [108] focus on maximizing coverage and maintaining connectivity,
proposing a combined algorithm based on distributed particle swarm optimization and
3D virtual force algorithms. This method randomly initializes the positions of static and
dynamic nodes, adjusts dynamic nodes for 3D space deployment, and evaluates network
lifetime by tracking the failure time of sensor nodes.

Most swarm intelligence algorithms have a critical flaw of easily falling into the local
optima. Many researchers have proposed various enhancement strategies, among which
parallel computing has shown great effectiveness in improving algorithm performance.
The authors in [109] propose an improved parallel tunicate swarm algorithm, which di-
vides the population into independent subgroups that exchanged information periodically,
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enabling more effective optimization of sensor node deployment under limited conditions
to maximize network coverage. In [90], the authors introduce a chaotic parallel artificial
fish swarm algorithm to enhance the global search ability of the artificial fish swarm al-
gorithm, adopting an elite selection strategy to avoid local optima and solve underwater
coverage problems. The study in [40] proposes a cooperative co-evolution particle swarm
optimization algorithm for industrial wireless sensor network deployment with obstacles,
aiming to maximize coverage and minimize energy consumption. Test results show that the
distributed parallel technology of this method reduces the optimization time and avoids
falling into the local optima.

In swarm intelligence research, traditional single algorithms usually rely on specific
heuristic rules or optimization strategies. To overcome the limitations of single methods,
hybrid swarm intelligence algorithms combine the advantages of multiple algorithms.
Recent studies have focused on hybridizing different swarm intelligence technologies to
leverage the strengths of each algorithm, especially in complex multi-objective optimization
problems. The researchers in [91] combine the fruit fly optimization algorithm and the
bat optimization algorithm for sensor node localization, integrating the exploration ability
of the former and the exploitation ability of the latter, showing excellent performance
in coverage, reliability, and convergence speed but with a longer running time. The
authors in [48] combine the evolutionary model of the whale optimization algorithm
(WOA) with the strong cooperative evolution ability of the shuffled frog leaping algorithm
(SFLA). The WOA mimics the bubble-net hunting strategy of humpback whales, while
the SFLA combines local search and global information sharing through a cooperative
evolution strategy. This combination achieves effective signal coverage in practical wireless
sensor networks.

To conclude this section, Table 9 compares Sl-based deployment algorithms in 3D
WSNs, focusing on coverage type, adopted swarm intelligence strategies, optimization
objectives, sensing model, node type, control architecture, and map sources.

Table 9. Comparison of swarm intelligence (SI) algorithms in 3D WSN deployment.

%I);/:rage Algorithm Strategy 8}3 jective Sensing Model _11\.1;;: g?:ttrlf‘:)l:lzt:g/ g/f)?lprce
[31] BOA single probabilistic static centralized not state
[44] GWO single binary static centralized function
[45] MPA single probabilistic static centralized function
[48] SFLA + WOA single binary static centralized real-world
Surface [49] BHA single binary static centralized function
[71] PSO single binary static centralized function
[92] CSA single directional static centralized not state
[109] PTSA single binary static distributed not state
[18] PSO multiple binary hybrid distributed real-world
[40] PSO multiple directional static distributed real-world
[58] LSOA multiple binary static centralized cube
[59] SSA single binary mobile centralized cube
[60] PSO multiple probabilistic static centralized real-world
Space [105] FOA single probabilistic mobile centralized cube
[106] CSA single binary static centralized cube
[107] CLO multiple binary mobile centralized cube
[108] PSO multiple probabilistic hybrid distributed cube
[90] AFSA single binary static distributed cube

[91] FOA + BA single binary static centralized cube
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4.6. Approximation Algorithm

Multiple studies have focused on approximation algorithms for sensor node deploy-
ment in 3D WSNs, aiming to balance coverage optimization and computational efficiency.
Greedy algorithms are commonly used to reduce the number of sensors while maintaining
coverage and connectivity, often transforming deployment problems into set cover models.

The study in [74] models the surface using real elevation data and deployed nodes using
a grid-scanning-based greedy algorithm. Compared with heuristic algorithms such as PSO,
GA, and ACO, the results show that this algorithm improves node coverage efficiency in
complex terrains, reduces deployment costs, and lowered computational complexity.

In [72], three approximation algorithms for WSN deployment are introduced. One
is a greedy algorithm similar to that in [74]; another is a polynomial-time approximation
algorithm based on a mobile strategy; and the third combines the greedy method with the
mobile strategy. The authors point out that future research could consider dynamic sensors
and network connectivity.

The authors in [17] study node deployment in wireless video sensor networks with
position constraints in 3D indoor spaces. It combines a greedy algorithm with enhanced
depth-first search to achieve full coverage with the minimum number of nodes. The authors
indicate that future research directions include network connectivity and K-coverage in
obstacle environments. In a similar scenario, the researchers in [50] use a greedy algorithm
to minimize the number of sensors, achieving double coverage of the target area while
maintaining network connectivity. The results show that this algorithm outperforms GA-
based heuristic algorithms and approaches optimal performance in small-scale problems.

To conclude this section, the Table 10 presents a comparison of approximation-based
deployment algorithms in 3D WSNs, highlighting coverage type, strategy, sensing model,
optimization objectives, connectivity considerations, and map sources.

Table 10. Comparison of approximation deployment algorithms in 3D WSNs.

%(]);eerage Algorithm  Strategy Sensing Model = Objective(s) Connectivity Map Source
greedy algorithm + B
Surf [72] shift strategy-based binary : i;liliilnfi(;‘;eriggif nodes N/A tool generation
urtace approximation algorithm ’
[74] greedy algorithm probabilistic e maximize area coverage ~ N/A dataset
[17] greedy algorithm directional N fu.u .1_C.0 verage N/A cube
Space e minimize no. of nodes
[50] greedy algorithm binary * full kecoverage full connectivity real-world

e minimize no. of nodes

5. Comparative Analysis of Deployment Approaches

This section systematically reviews existing deployment algorithms, including clas-
sical algorithms, computational geometry (CG) algorithms, virtual force algorithms, evo-
lutionary algorithms, swarm intelligence (SI) algorithms, and approximation algorithms.
It analyzes their characteristics in terms of coverage capability, node mobility, system
architecture, and multi-objective optimization ability. Table 11 provides a detailed com-
parison of these algorithms, summarizing their performance and applicability in different
deployment scenarios.

Classical algorithms mainly rely on predetermined rules and simple calculations,
making them suitable for static node deployment. They often use geometric tiling and
graph coloring techniques, with optimization objectives typically limited to coverage
and connectivity. However, the lack of dynamic adjustment mechanisms restricts their
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performance in complex 3D environments, where they struggle to handle multi-objective
trade-offs, thereby limiting their scalability and practicality.

CG algorithms utilize strict geometric relationships for node positioning and coverage
optimization, making them suitable for scenarios with a small number of nodes and regular
regions, as they can provide uniform coverage distribution. Nevertheless, they have high
computational complexity and limited ability to handle multi-objective problems, usually
treating coverage as the main objective and connectivity as a secondary constraint.

VF algorithms dynamically adjust node positions by simulating physical forces, showing
high efficiency in mobile WSN deployment. They are well-suited for distributed architectures,
which can reduce communication costs and enhance single-point failure recovery capabilities.

Figure 19 above illustrates the communication patterns and structural differences
between centralized and distributed architectures. However, VF algorithms usually assume
uniform sensing and communication ranges, limiting their applicability in heterogeneous
WSNSs, and they may face issues like oscillation and instability. EA and swarm intelligence
algorithms are suitable for multi-objective optimization, as they can simultaneously handle
requirements such as coverage, connectivity, and energy consumption, thanks to their
strong global search and adaptive capabilities. However, they have high computational
costs, slow convergence, and a tendency to fall into local optima. To address these short-
comings, hybrid models and adaptive parameters are often introduced to improve stability
and efficiency.

System architecture

Distributed

Centralized

Figure 19. Centralized vs. distributed architectures in WSNs.

Approximation algorithms have high computational efficiency, making them suitable
for rapid deployment and large-scale optimization tasks. But they are typically designed
for one or two objectives, lacking support for multi-objective scenarios, so they are often
combined with other optimization strategies in such cases.

Table 11. Comparison of 3D WSN deployment algorithms.

. Node Centralized/ s
Algorithm Coverage Mobility Distributed Advantages Limitations
Classical mainlv spa tati ntralized o simple computation o low flexibility
Algorithm ¥y space statie ce ¢ o clear deployment rules e poor terrain adaptability
CG both both both : fllr?iafi)g;ozr(l)izzgrglatlonshlps o high computational complexity
VE both mobile both o strong iadap.t ability s e prone to node oscillation

o dynamic adjustment capability

EA both both both o powerful global optimization e high resource cost
SI both both both : ls:él;sr;i fj;};tzfslhty o easily falls into local optima
Approximation both static centralized  high computational efficiency o limited solution quality

Algorithm




J. Sens. Actuator Netw. 2025, 14, 94

33 of 42

6. Case Study

To better illustrate how the reviewed deployment strategies can be applied in practice,
this survey concludes with a case study. The case study not only demonstrates the practical
relevance of theoretical deployment methods but also highlights how deployment algo-
rithms can be adapted to address real-world challenges in agricultural environments. By
focusing on the deployment of solar insecticidal lamps (SILs) in 3D agricultural environ-
ments, it provides a concrete example that bridges the gap between conceptual research
and field applications.

With the development of smart agriculture, there is an increasing demand for automa-
tion and precision in pest control. SILs, as an environmentally friendly technology, are
widely used in agricultural environments such as farmland, orchards, and greenhouses.
They can achieve real-time pest trapping and have become an important part of modern
pest monitoring and management systems.

In 2D environments, the deployment of SILs is typically based on the planar assump-
tion, where both crop distribution and device placement are constrained to a horizontal
surface. These 2D areas can be either regular or irregular, and some may contain obstacles.
Node locations can also be restricted; for instance, in some studies, installations are limited
to field ridges. Coverage types are classified into area coverage, point coverage, and barrier
coverage. Common deployment methods in 2D WSNs include grid-based methods, ap-
proximation algorithms, and heuristic algorithms, which aim to ensure area coverage while
maintaining connectivity or reducing costs. While these methods perform well in practical
2D applications, they show limited adaptability in complex 3D terrains. The construction of
a 2D map can be achieved through manual annotation or the download of public datasets.
For example, the authors in [110] combine aerial imagery analysis with computational
geometry techniques to generate accurate agricultural maps as shown in Figure 20.

700

0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700

() ()

Figure 20. A method for constructing a 2D map. (a) Vertices marked by manual. (b) Minimum circles
determined manually. (c) Subcircles determined by the offset algorithm. (d) AnaMap that simulated
the actual farmland. Source: [110].
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Currently, a number of studies have focused on the deployment of SILs in 2D WSNSs.
Approximation algorithms are frequently employed in real-world SIL deployments due to
their simplicity and computational efficiency. For instance, the authors in [111] propose a
multi-objective method based on GA to balance deployment efficiency and cost, achieving
full coverage with about 11 nodes under a given sensing radius, whereas other methods
typically require 14-28 nodes. In [112], the authors consider both coverage and connectivity,
aiming to maximize network weight while minimizing deployment cost; in this study, SILs
are deployed in irregular farmland areas to enhance the overall benefit. The study in [113]
also targets full coverage and connectivity, with the additional objective of maximizing
the overlap rate to reinforce network reliability, while reducing the average number of
nodes by about 13.5% compared to other methods. The authors in [114] focus on weight
maximization and cost reduction while maintaining connectivity in WSNs to support
network performance, improving coverage uniformity by approximately 45-50%. In [115],
the authors embed SILs into UAVs to create a mobile network system, utilizing a hybrid
method that combines convex hulls and minimum spanning trees (MST) to form closed
barrier coverage against pest migration, while reducing the required number of UAVs by
10-30% compared to other deployment methods. Moreover, the authors in [116] adopt a
probabilistic sensing model to enable full-area coverage in irregular real-world farmland
while maintaining connectivity. In [117], an approximation-based approach is employed
to maximize coverage under a limited budget, achieving a 2-30% higher coverage rate
compared to other methods. The authors in [118] explore the use of SILs installed with
directional and adjustable camera nodes to monitor system status and detect potential
intrusions, while reducing the total cost by approximately 15-20% without compromising
monitoring performance. In [119], the authors also use SIL nodes with adjustable camera
nodes. They introduce a bi-level algorithm to optimize the deployment of SILs nodes and
cameras, ensuring area and target coverage, while reducing the total cost by 12.5% and 7.8%
compared to two alternative algorithms. The authors in [120] focus on partial coverage
and energy harvesting for SILs deployment. They propose an approximation algorithm
to achieve high energy harvesting potential, network connectivity, and ensure coverage
of at least 80%, while reducing the number of nodes by 6-34%. The above studies are
summarized in Table 12.

As agricultural scenarios evolve from flat 2D planes to complex 3D terrains—including
terraced fields, hilly landscapes, and vertical cultivation systems—the difficulty of deploy-
ing SILs has increased significantly. A comparison of SIL deployment in 2D versus 3D
environments is presented in Figure 21.

-
Al_'u‘ ]

(a)
Figure 21. Comparison of 2D and 3D SILs deployment: (a) 2D SILs deployment, (b) 3D SILs deployment.

Deploying SILs in 3D agricultural environments faces multiple challenges. Firstly, the
irregular terrains of terraced fields and hilly landscapes create non-uniform deployment
surfaces, requiring the careful consideration of elevation changes and physical accessibil-
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ity constraints. Secondly, occlusions caused by complex terrains may lead to coverage
blind areas, which must be identified and addressed. Additionally, some regions may
lack road accessibility or mechanical operability, limiting the feasibility of physical instal-
lation and further reducing the number of valid deployment locations. Meanwhile, pest
infestations often exhibit an uneven spatial distribution, with outbreaks concentrated in
specific “hotspots”. Thus, deployment strategies must adapt to the spatial distribution of
pest density, enhancing coverage in high-risk areas. Collectively, these factors impose strict
requirements on system models and algorithm design.

Table 12. Comparison of case studies on 2D SIL deployment.

Sensing Node . Covered S Target Node Loc. Map
Case Year Model Mobility Algorithm Type Objective(s) Area Cons. Obstacle Source
o full coverage
[111] 2020 binary static GA area e maximize overlap rate  irregular ./ Vv real-world
e minimize no. of nodes
o full coverage
. . o full connectivity .
[112] 2020 binary static AA area o maximize the weight irregular / 4 real-world
e minimize costs
o full coverage
[113] 2021 binary static AA area o full connectivity irregular |/ V4 real-world
e maximize overlap rate
o full coverage
. . o full connectivi
[114] 2022 binary static AA area o maximize the ‘iiyeight regular 4/ Vv real-world
e minimize costs
[115] 2022 probabilistic mobile G + barrier N Cl(.)s.ed b arrier coverage regular X X author-defined
MST e minimize no. of nodes
o full coverage
[116] 2023 probabilistic static AA area o full connectivity irregular / Vv real-world
e minimize no. of nodes
. . e maximize coverage ~
[117] 2024 binary static AA area o within a limited budget regular  / X real-world
[118] 2025 bl.nar}./ - static AA area ° fu.ll coverage irregular  x X author-defined
directional e minimize no. of nodes
binary + . area + o full coverage .
[119] 2025 directional  Static AA point o minimize costs irregular |/ Vv real-world
e partial coverage
[120] 2025 binary static AA area e minimize costs regular V4 X author-defined

o full connectivity

Note: AA = Approximation Algorithm, GA = Genetic Algorithm, CG = Computational Geometry, MST = Minimum
Spanning Tree, Node Loc. Cons. = Node Location Constraint.

Figure 22 illustrates the key environmental and spatial factors affecting SILs deploy-
ment in 3D terrains, including coverage holes due to insufficient placement, pest hotspot
distribution, blind areas caused by occlusion, and physical constraints on region accessibility.

To achieve efficient deployment, the strategy must satisfy multiple objectives. On the
one hand, the coverage of pest control zones should be maximized—especially in occluded
or steep, e.g., sloped areas, to ensure there are no significant coverage holes. On the other
hand, the number of deployed nodes and associated costs should be minimized to maintain
economic feasibility. Furthermore, pest hotspot data should be considered, and Q-coverage
strategies applied to deploy more SILs in high-risk areas, thereby enhancing trapping
effectiveness. Additionally, deployment locations must meet constraints such as regional
accessibility and stable solar exposure to ensure reliable power supply.

Future research on SIL deployment in 3D agricultural environments may extend
in several directions. Firstly, incorporating terrain modeling techniques and DEM data
can facilitate the development of 3D simulation platforms with realistic constraints. Sec-
ondly, integrating multi-source agricultural data, e.g., pest distribution, crop growth status,
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and solar radiation, can enable data-driven, adaptive deployment strategies. Thirdly,
dynamic deployment mechanisms using UAVs or mobile robotic platforms can support
self-organizing and real-time adjustable deployment. Finally, a comprehensive deployment
framework that simultaneously considers communication reliability, energy supply, and
pest control effectiveness may contribute to more intelligent and systematic pest manage-
ment in smart agriculture.

Figure 22. Problems in 3D SILs deployment.

7. Conclusions and Future Perspectives
7.1. Conclusions

In this paper, we presented a comprehensive survey of node deployment algorithms
for 3D WSNs. We first summarized the fundamental design elements in 3D WSNSs, in-
cluding sensing models, blind spot detection on 3D surfaces, coverage and connectivity,
sensor mobility, signal and protocol effects, and the construction of simulation maps. Subse-
quently, we categorized existing deployment algorithms into six types: classical algorithms,
computational geometry algorithms, virtual force algorithms, evolutionary algorithms,
swarm intelligence algorithms, and approximation algorithms. For each category, we
reviewed the fundamental principles, representative techniques, and specific applications
in 3D WSNs. A comparative analysis was conducted across these algorithm types, focus-
ing on their optimization objectives, sensing models, coverage types, and deployment
strategies. Through this analysis, we highlighted the strengths and limitations of each
algorithm class, providing guidance for selecting appropriate methods based on various
application scenarios. Finally, taking the deployment of solar insecticidal lamps in WSNs
as a case study, we analyzed the key challenges posed by complex terrains and discussed
deployment optimization strategies, as well as outlining directions for future research.

7.2. Future Challenges and Research Directions

Despite significant advancements in node deployment for 3D WSNs, several important
research directions remain underexplored. Future studies are encouraged to focus on the
following areas to enhance the effectiveness and applicability of deployment in 3D WSNs:

(1) Multi-objective optimization: Real-world deployment problems often involve conflict-
ing objectives, such as maximizing coverage and connectivity while minimizing energy
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(2

3)

@

(5)

(6)

(7)

consumption and deployment costs. Developing adaptable solutions to effectively
manage these trade-offs is crucial, particularly in complex and dynamic environments.
Integration of real-world terrain data: The use of idealized or synthetic terrains
reduces the realism of simulation results. Incorporating accurate DEM and remote
sensing data can significantly improve the accuracy of deployment simulations and
support the development of more practical deployment strategies.

Hybrid deployment architectures: Combining static and mobile sensor nodes within
hybrid centralized—distributed architectures offers enhanced adaptability and fault
tolerance. Future work may explore efficient coordination mechanisms for hybrid
deployments in complex and large-scale scenarios.

Collaborative deployment with heterogeneous nodes: Future systems are likely
to increasingly integrate diverse sensor types with varying sensing ranges, energy
capacities, and communication capabilities. Thus, an effective deployment strategy
must accommodate multiple heterogeneous nodes (e.g., environmental sensors, direc-
tional cameras, and relay units), which is essential to improve the performance and
robustness of WSN.

Multi-source information fusion: Integrating diverse data sources, such as terrain
models, environmental conditions, and infrastructure layouts, can enhance the adapt-
ability and precision of deployment strategies. Future work should explore data-
driven approaches to support decision-making for various applications in 3D WSNSs.
Integration with emerging technologies: Future research may explore the integration
of edge Al, UAV-assisted deployments, 5G/6G communication, and blockchain-based
trust and security. Digital twins and cloud-edge frameworks could support real-time
monitoring, predictive optimization, and adaptive decision-making, extending the
applicability of deployment strategies in complex 3D WSNs.

Security-aware deployment strategies: Future work may also integrate security and
trust management into 3D WSN deployment strategies, considering resilience against
malicious attacks, intrusion detection, and blockchain-based trust frameworks during
node placement and role assignment, thereby enhancing the reliability and robustness
of deployments in adversarial environments.
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