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Abstract: Wireless sensors deployed in large agricultural areas can monitor and collect data
in real time, helping to achieve smart agriculture. But the complexity of the environment
and the random deployment method seriously affect the coverage quality. The limited
capacity of sensor batteries greatly limits the network lifetime. Therefore, how to extend
the network lifetime while ensuring coverage quality is a highly challenging task. This
paper proposes a node deployment optimization method to solve the problems of a poor
coverage rate and a short network lifetime in hybrid self-powered sensor networks in
obstacle environments. This method first optimizes the sensing direction of stationary
nodes, expands the coverage range, and repairs coverage holes. Then, an improved
bidirectional search A* algorithm is used to plan the obstacle avoidance moving path
of mobile nodes, fill the remaining coverage holes, and improve the coverage quality of
the network. Finally, a method based on an improved nutcracker optimizer algorithm is
proposed to solve the optimal working sequence of nodes, schedule the “sleep or work”
state of nodes, and extend the network lifetime. The simulation experiment verified the
effectiveness of the proposed method, indicating that its performance in coverage quality,
mobile energy consumption, and network lifetime is superior to other compared methods.

Keywords: hybrid wireless sensor networks; self-powered sensor; node deployment
optimization; coverage hole repair; network lifetime optimization

1. Introduction

Wireless sensor networks (WSNs) are the foundation and core of the sensing layer
in the Internet of Things. The different types of sensors deployed in the sensing layer
can collect and transmit various required data. Currently, WSNs play an important role
in many industries, including intelligent transportation, ecological monitoring, forest
protection, and smart agriculture [1,2]. However, in practical applications, there are still
some issues that need to be addressed, such as coverage hole and monitoring time. Random
deployment, environmental factors, and electronic component failures can all lead to some
areas in the monitoring area not being covered by sensors, resulting in coverage holes
and affecting coverage quality [3]. In addition, redundant coverage in the network and
energy limitations of sensors significantly affect the network lifetime, making it impossible
to meet the requirements of long-term monitoring. Therefore, repairing coverage holes to
achieve coverage enhancement is a key task in improving monitoring quality. Reducing
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redundancy, the rational use of energy, and extending the network lifetime are other highly
challenging tasks.

Coverage holes can lead to the omission of important information and interruption
of network connections, seriously affecting the overall performance of the network. It is
reasonable and necessary to improve coverage quality by scheduling nodes to repair holes
and enhance coverage. For omnidirectional sensors, the method to repair coverage holes is
achieved by moving the sensor. In directional sensor networks, we typically use intelligent
optimization algorithms such as ant colony, particle swarm, and genetic algorithms to
adjust sensing direction and schedule mobile nodes [4-6]. Compared to other methods,
the advantages of these methods are fewer parameters and faster computation speed. The
existing research work mainly focuses on ideal environments and rarely considers the
influence of terrain and obstacles. A lack of consideration for environmental factors can
make existing methods difficult to apply in practical scenarios.

The limited lifetime of networks is an important issue that constrains the quality of
wireless sensor network services [7]. The limited capacity of sensor batteries and unreason-
able energy usage are the two major factors that limit the network lifetime [8]. There are four
main methods for extending a network lifetime: network clustering, sleep-work strategy,
self-powered energy harvesting, and mobile charging [9,10]. Among them, network clus-
tering and sleep—work strategies both extend the network lifetime through energy-saving
methods and cannot generate new energy [11]. So their effectiveness is not as good as the
other two methods. The conditions required for mobile charging methods are much higher
than those for energy harvesting technology [12]. The existing research on self-powered
(energy harvesting) sensor networks mostly adopts omnidirectional sensing models and
rarely considers the impact of environmental factors (lighting, temperature) on charging
efficiency. It is very important to comprehensively consider the influencing factors in the
real environment to enhance the applicability of energy harvesting networks.

To sum up, we find that existing methods for enhancing coverage and extending
network lifetime have certain limitations. In current coverage enhancement research,
researchers rarely consider the impact of obstacles on node movement. Obstacles are
commonly present in outdoor environments. Introducing self-powered sensors is a good
method to extend the network lifetime. Self-powered sensors store energy by collecting
solar energy. The weather conditions have a significant impact on the efficiency of sensors
collecting solar energy. The lack of consideration for environmental factors is a limitation
of existing energy harvesting methods. In addition, after introducing self-powered sensors,
we should also consider how to schedule nodes to reduce sensor usage and further increase
the remaining energy of the network.

Based on the above analysis, we studied the monitoring quality and network lifetime
problems of hybrid self-powered wireless sensor networks and proposed a node deploy-
ment optimization method. The hybrid self-powered wireless sensor network consists
of stationary non-rechargeable nodes and mobile rechargeable nodes. In the proposed
method, we considered the limitations of obstacles on node movement and also measured
the impact of environmental factors on sensor energy collection. The proposed method
first solves the optimal set of sensing directions for stationary nodes and repairs some
coverage holes. Then, an improved bidirectional A* algorithm is used to search the ob-
stacle avoidance moving path of nodes and fill the remaining coverage holes. Finally, a
network lifetime optimization model is established with the optimization objectives of
maximizing the residual energy of the network and minimizing the required number of
sensors, and an improved nutcracker optimizer algorithm is used for solving. Arrange
the working sequence of nodes based on the obtained subset of nodes, reduce the sensing
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energy consumption of nodes, and prolong the network lifetime. The major contributions
of our research can be summarized as follows.

1. This paper proposes a node deployment optimization method based on node sensing
direction, location, and working state optimization to solve the problems of coverage
quality and network lifetime in obstacle environments. This method improves cover-
age quality by repairing coverage holes and extends network lifetime through node
sleep scheduling.

2. We have designed a coverage quality enhancement method based on repairing cover-
age holes. This method first optimizes the sensing direction of stationary nodes and
repairs coverage holes that are closer in distance. Then, an improved bidirectional A*
algorithm is used to determine the shortest obstacle avoidance moving path, repair
the remaining coverage holes, and improve the coverage quality of the network.

3. We established a network lifetime optimization model with the residual energy and
required number of sensors as targets and used an improved nutcracker optimizer
algorithm to solve it. By scheduling the working status of nodes based on the op-
timal subset obtained, energy consumption can be reduced, thereby extending the
network lifetime.

4. We designed several simulation experiments to demonstrate the performance of the
proposed method in coverage quality, mobile energy consumption, and network
lifetime. The comparison with other advanced algorithms proves the effectiveness
and superiority of the proposed algorithm.

The rest of this paper is arranged as follows: In Section 2, we provide a detailed
introduction to the related work on coverage enhancement and node scheduling problems.
The system model and problem description are presented in Section 3. Section 4 introduces
the proposed algorithms. The evaluation results of algorithm performance are presented in
Section 5. We summarize the work of this paper and plan for future work in Section 6.

2. Related Work

Coverage enhancement and network lifetime extension are important problems in
WSNs, and they are also the focus of current research. In this section, we describe in detail
how to achieve coverage enhancement and extend the lifetime of the network.

2.1. Coverage Enhancement Method Based on Repairing Coverage Holes

Coverage enhancement is an important method to improve network coverage quality
and is currently a research hotspot. Usually, coverage enhancement is achieved by repairing
coverage holes. There are two main methods to repair coverage holes: mobile node location
update (for omnidirectional sensing model) and optimizing the sensing direction or the
location of nodes (for directional sensing model) [13,14]. Intelligent optimization algo-
rithms are important methods for solving the above two types of problems. Yao et al. [15]
established a node sensing direction scheduling model with the objective function of mini-
mizing redundancy. They use the discrete army ant optimization algorithm to optimize
the working direction of sensors. The optimal working direction reduces the redundant
area and expands the effective coverage area. Therefore, the monitoring quality of the
system has been greatly improved. Geometric methods, virtual force algorithms (VFAs),
and combinatorial optimization methods are also high-performance solving methods [16].
Chen et al. [17] integrated the virtual force algorithm into the particle swarm optimization
algorithm and proposed a new coverage enhancement method. This method analyzes the
forces between nodes and uses virtual forces to guide the heuristic algorithm to optimize
the working direction of sensors. The optimized sensing direction repairs coverage holes in
the network and improves coverage performance.
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Scheduling mobile nodes to repair coverage holes is another important coverage
enhancement method. Current research mostly uses virtual force algorithms, heuristic
algorithms, and methods based on the minimum exposure path (MEP) to schedule mobile
nodes. Yao et al. [18] applied the VFA to a 3D WSN and designed a node position update
scheme. The advantage of this method is that it can improve coverage with less movement
distance. And its limitation lies in the inability to ensure the maximum moving distance
of a single sensor. Heuristic algorithms are the most widely used method in scheduling
mobile node problems. The artificial bee colony algorithm, genetic algorithm, bat algorithm,
etc., can all achieve good results. Wen et al. [19] combined a virtual force algorithm and
a bat optimization algorithm to redeploy mobile nodes. They conducted rigorous force
analysis and designed the node’s movement strategy. After deploying mobile nodes
to new locations, network coverage performance is greatly improved. The MEP-based
method determines the movement path of nodes by finding the minimum exposure path.
Combining the MEP with heuristic algorithms can schedule mobile nodes to coverage
holes. Multiple scheduling can greatly improve coverage rate.

The existing coverage enhancement methods mainly focus on optimizing the cov-
erage effect, with less consideration for energy consumption. In addition, the impact of
obstacles is rarely considered when planning the movement path of nodes. Due to the
battery capacity limitation of sensors, new coverage holes will soon emerge after enhancing
network coverage. Therefore, while enhancing coverage, consideration should also be
given regarding how to extend the network lifetime.

2.2. Network Lifetime Extension Method Based on Scheduling Nodes

In a WSN composed of battery-powered sensors, the monitoring time is extended by
balancing or reducing the energy expenditure of the sensors. Network clustering and duty
cycle methods maximize network lifetimes by reducing communication and sensing the
energy consumption of nodes. Network clustering is achieved by selecting cluster heads
to reduce communication between ordinary nodes and lower energy consumption [20].
The principle of duty cycle policy is to assign nodes to different subsets, and, then, the
nodes in the subset can be scheduled to complete the coverage task [21]. Adjusting the
state of sensor nodes (working or sleeping) is another way to extend the network lifetime.
Reference [22] aims to achieve energy balance and uses heuristic algorithms to schedule
the working status of nodes, thereby extending the network’s lifetime. The above method
effectively extends the network lifetime through energy-saving methods. However, the
above methods still cannot meet the needs of long-term monitoring.

The energy harvesting technology in self-powered sensors has become a current
research hotspot. Self-powered sensors are widely used in systems that require an extended
network lifetime. Reference [23] proposes an improved greedy algorithm based on priority
with the goal of maximizing the network lifetime. Their method can extend the network
lifetime while meeting coverage requirements. Xiong and Lu et al. [24] proposed a hybrid
sensor network framework. They proposed a network lifetime extension method based
on a multi-objective optimization algorithm. This method extends the network lifetime by
repairing coverage holes and adjusting node working status.

The existing coverage enhancement methods mainly focus on expanding the coverage
area through scheduling nodes but lack an analysis of environmental factors. In outdoor
environments, factors such as weather, terrain, and obstacles have a significant impact
on node movement. A node moving strategy needs to be designed based on the actual
situation. Unstable solar energy in complex environments can also affect the energy
harvesting efficiency of self-powered nodes. Therefore, when studying how to improve the
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monitoring quality and network lifetime of networks, it is necessary to comprehensively
measure the impact of environmental factors in order to design more applicable methods.

To summarize the above content, we propose a new node deployment optimization
method to address the challenges of monitoring quality and the network lifetime in ob-
stacle environments. This algorithm improves the monitoring quality of the network by
scheduling sensor sensing directions and updating node positions. On this basis, adjust the
working state of nodes to increase the remaining energy of each time slot in the network,
thereby extending the network lifetime.

3. Problem Statement

Modeling the research problems is the foundation for designing node deployment
optimization methods. This section provides a detailed introduction to the network model,
energy consumption model, and node deployment optimization process. Then, the objec-
tive function and constraints of the research problem in this paper were stated.

3.1. Network Model

The hybrid self-powered sensor network studied in this paper consists of a certain
number of stationary non-rechargeable nodes and mobile rechargeable nodes. Except for
the charging characteristics, all node characteristic parameters are completely consistent.
We refer to the methods in references [13,14] to ensure node localization and communication
and the method described in reference [25] to estimate solar energy intensity and determine
charging and discharging rates. In addition, in order to reduce the impact of time delays
on inter-node communication, we adopted the method in reference [26] to improve the
stability of the system network.

All sensors in this study adopted a directional sensing model and Boolean detection
model. The sensing range of a sensor based on a directional sensing model is a sector, and
the working direction of the sensor can be changed by rotation. As shown in Figure 1,
typically, a 4-tuple is used to represent its sensing model.

<P,6,Rs,‘Bt(Sl’)> (1)

where P = (x;,y;) represents the position coordinates of the node, 0 represents the sensing
angle, R, represents the sensing radius, and B (s;) represents the current working direction.
T = (x0, o) represents the target point located within the sector sensing area.

Figure 1. Directional sensing model.

Since this paper uses a Boolean model, when the target point T = (xo, o) satisfies
the following two conditions, it will definitely be detected by the sensor. On the contrary,
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if the target point T = (x¢, o) does not meet these two conditions, it will definitely not
be detected.

dis(P,T) = \/(xl- — x0)2 + (yi — yo)zﬁ Rg 2
4 Yo—uvi| _ ¢
- < < Z .
5 < arctan Yo—x| =2 + Be(s;) (3)

The region of interest (ROI) in this paper is a regular rectangle. Its size is L x H.
We randomly deploy k targets and n sensor nodes in the ROI. Among them, there are 7,
stationary sensors and n,, mobile sensors. N = {ny,ny,...n,}, S = {s1,s2,...5s,}, and
M = {mq, my,...my, }, respectively, represent a set of sensors, a set of stationary sensors,
and a set of mobile sensors. Stationary sensors can rotate but cannot move or charge. The
mobile sensor is rotatable and rechargeable. When the target is within the sensing range
of the sensor, the target is covered. If all k targets are covered, then full coverage has
been achieved.

3.2. Energy Consumption Model

Self-powered sensors have three states: charging, sensing, and sleep. When perform-
ing sensing tasks, sensors consume energy and are in a discharge state. Sleep state does not
collect energy or consume energy. The charging rate of sensors is closely related to the solar
energy intensity of the day. We imitated the method in reference [25] to estimate the solar
energy intensity for that day. Let eZ"" be the charging rate of the sensor. ¢ dynamically
changes with the intensity of solar energy.

The energy consumption of sensors in monitoring tasks mainly comes from receiving,
transmitting messages, sensing data, and node movement. Let ¢/~ %5h be the energy
release rate of a node moving a unit distance. The node energy consumption model is
shown below:

Ec(s;) = Ef + EJ + Ef +ef" = x dis(s;) 4)

i o\ 2 i N2
dis(si) _ \/(x{mal . x;mtz) + (y{mal _ ]/i'mtl) (5)

where ES, E!, E! represent the energy consumption of node sensing, reception, and trans-

mission of data, respectively. dis(s;) represents the moving distance by the node.

3.3. The Process of Repairing Coverage Holes and Extending Network Lifetime

Repairing coverage holes is the key to achieving coverage enhancement and the
first step in extending network lifetime. We repair the holes through two steps: rotating
stationary nodes and mobile node relocation.

Figure 2 shows the operation of rotating stationary sensors. There are five targets
T;-Ts, one obstacle, five stationary non-rechargeable sensors 51-S5, and three mobile
rechargeable sensors M;—Mj3 in the monitoring area. The target T,—T} is covered by sensors,
and only Tj, Ts are with coverage holes. S1, Ss are in the vicinity of uncovered targets
Ty, Ts. After determining the coverage hole, the stationary sensor is rotated to repair the
hole. As shown in the figure, after rotation, the position of S, Ss has changed, and all
targets are covered by sensors.

There are two cases for scheduling mobile nodes. Case 1 is shown in Figure 3. There
are four targets Ty—To, one obstacle, three stationary non-rechargeable sensors S¢—Sg, and
three mobile rechargeable sensors Ms—Mp in the monitoring area. Targets Ty, Tg, Tg are
covered by sensors, and only T7 is a coverage hole. Ms, Mg are the two closest mobile
sensors to the coverage hole. They can all serve as candidate nodes for repairing holes.
In order to reduce mobile energy consumption, it is necessary to compare the Euclidean
distance between two sensors, and, if dis(Ms, T;) < dis(Ms, T;), the mobile node M5 is
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chosen to repair the hole. Apart from distance factors, the remaining energy of nodes can
also affect the selection of candidate nodes. If the remaining energy is insufficient to meet
the requirements, candidate nodes need to be re-selected.

Ms

s
\ S

T3

M1 Ta0
T3
\ 7 NEEEAN
93 S
S2

(b) After rotation

(a) Initial state

Figure 2. Adjust the sensing direction of stationary nodes.

M /%- M
3
P
LAl TQ
dzl Ss
Ts

ST
;Sﬁ

\ Ma
Ms
vy oml TQ
Ss
Ms Ts

Ts

S7
;Sa

(a) Initial state

(b) Repositioning the mobile node

Figure 3. Scheduling mobile nodes to repair coverage holes: case 1.

Case 2 is shown in Figure 4. T is the coverage hole, and Mg, My are the two nearest
mobile nodes. Firstly, we calculate the distance, denoted as dis(Mg, T1g) > dis(Mg, T1p).
But there is an obstacle, and mobile node Mg cannot move in a straight line to the position
of target Typ. Therefore, we need to recalculate the movement distance of the scheduling
nodes. If dis’ (Mg, T1g) < dis' (Mo, T1g), Mg is the final candidate node.

After coverage enhancement, the monitoring quality of the system has been greatly
improved. All target points are covered. However, there is still a problem of redundant
coverage in the network. In order to reduce resource waste caused by redundancy, some
sensor nodes can be arranged to sleep to reduce unnecessary energy consumption. In any
time slot J;, only one subset that meets the coverage requirements needs to be activated to
perform the monitoring task normally. Different subsets need to be activated for different
tasks. As shown in Figure 5, in time slot §;, the working subset is {S1, S, M1, My, S5, S¢}.
In time slot é;, 1, the working subset is {S1, Sp, My, M3, S5, S7}.
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(a) Initial state (b) Repositioning the mobile node

Figure 4. Scheduling mobile nodes to repair coverage holes: case 2.

O87

S40

(a) The subset of time slot O; (b) The subset of time slot i+

Figure 5. The process of scheduling nodes to extend the network lifetime.

Due to some targets being only covered by stationary non-rechargeable nodes, when
the energy of the stationary nodes is depleted, this target becomes a coverage hole. In addi-
tion, we consider a special case. In the case of the sufficient number of mobile rechargeable
nodes, we deploy two mobile nodes at each target by scheduling nodes. When there is
only one mobile rechargeable node, the node can only function properly during certain
time slots. In the case of deploying two mobile nodes, the nodes can work normally in all
time slots.

3.4. Problem Formulation

We achieve coverage enhancement by repairing coverage holes. Then, the network
lifetime is extended by scheduling nodes. Next, we analyzed and introduced the objective
function of the problem in this paper.

3.4.1. Coverage Enhancement Problem

In the process of implementing coverage enhancement in scheduling nodes, mobile
energy consumption is much higher than other energy consumption. Therefore, we choose
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nodes with smaller moving distances for scheduling. Equation (6) shows the objective
function of the coverage enhancement problem.

fi= min(DTotal) (6)
M|
s.t.: Dypggr = Y _ dis(m;) 7)
i=1
_J 0, dis(m;) =0
2(m;) = { 1, otherwise ®)
|M]|
Y z(mj) = Any,i=1,2,3, ... |M| )
i=1
Ey =E— e%f”"*di“h x dis(m;) (10)
Ey > 0.6E (11)

where Dryy, is the total moving distance of all mobile sensors. dis(m;) represents the
moving distance of a single sensor. z(m;) is a judgment function. When the moving
distance of a node is greater than 0, z(m;) = 1. Any, represents the number of mobile
nodes required to complete the repair of coverage holes, 0 < An,, < n,,. |M| represents the
number of available mobile nodes, 0 < |M| < ny,. E represents the initial energy, e;"m’g’di“h
represents the discharge rate when the node moves, and E}° represents the residual energy.

3.4.2. Extended Network Lifetime

Using as few nodes as possible to perform monitoring tasks can reduce unnecessary
energy consumption and effectively improve the lifetime of the network. Choosing nodes
with more remaining energy is also an effective method. Therefore, the goal of this stage is
to increase the remaining energy of each time slot as much as possible, reduce the number
of working sensors, and increase the number of charging sensors.

The subset working in the time slot ; can be represented as N; = {Ns,l, N;o, N3, ... Ny },
N; C N, and the number of nodes in the subset is shown in the equation.

f2 = |INs|| (12)

The remaining energy of all nodes in the subset can be expressed as follows:

k .
f3 =3 NsE, (13)
i=1

where Eiz is the remaining energy of the sensor after executing the proposed algorithm. It
can be expressed as follows:

Ei — min{E; + [o(1— Ns,.i) — N, 101, E}, E; < Ey, (14)
2 E;, — uN; idt, otherwise

where Eil represents the remaining energy after executing the coverage enhancement
algorithm, o,y are the discharge and charging rates, respectively, and E;, is the
energy threshold.
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Eyy, is related to the charging opportunity of the mobile node. Charging begins when
the energy is below E;,. The number of mobile nodes charged in the subset can be expressed
as follows:

fa = [IN| (15)

Therefore, there are three optimization objectives in the problem of the network
lifetime. The optimization model for this problem is shown in Equation (16).

f=min(f2,1/f3, f1) (16)
4. Proposed Method

Our research proposes a new approach to address the challenges of coverage quality
and network lifetime in obstacle environments. This method consists of three important
steps: rotating stationary nodes; updating the location of mobile nodes and repairing
coverage holes; and scheduling node sleep to prolong the network lifetime. Firstly, we de-
termined the geometric length from coverage holes and the stationary nodes and optimized
the working direction of nodes that meet the conditions. Then, based on the improved
bidirectional search A* algorithm (IBS-A¥), the shortest obstacle avoidance moving path
was solved, and the position of the mobile node was updated. By optimizing the sensing
direction and position of nodes, the task of repairing coverage holes was completed to
enhance network coverage. Finally, the improved nutcracker optimizer algorithm (INOA)
was used to solve the optimal working sequence of the nodes. Each subset corresponds to
a time period. This method avoids unnecessary energy waste and can extend the lifetime
of the network. Figure 6 shows the framework and steps of our method.

‘ Initialize param eters ‘

Extend network
lifetime

-
-4

Y

Schedule sensors to
take tums on dut;

Redeploy mobile
Sensors

Obtain the working

timing of sensors

Implement IBS-A*
algorithm

Figure 6. Basic framework of the proposed method.

4.1. Node Scheduling Method for Enhancing Coverage in Obstacle Environments

There are some uncovered targets in the randomly deployed monitoring area. These
uncovered targets are coverage holes in the WSN. We improved monitoring quality by
repairing coverage holes. The method for repairing coverage holes in this paper includes
two parts: rotating stationary nodes and repositioning mobile nodes. Firstly, rotate the
stationary sensors around the uncovered target to repair the coverage hole. Then, use
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IBS-A* to search for the moving path in the obstacle environment and update the position
of the mobile nodes. After the above two steps, the task of repairing coverage holes was
completed, efficiently achieving coverage enhancement in obstacle environments.

4.1.1. Repairing Coverage Hole Based on Adjusting Sensing Direction

There are many coverage holes in randomly deployed networks. For directed sensors,
coverage gaps can be repaired by optimizing the working direction of nodes. Firstly, we
determined the location of the coverage hole through the positioning device embedded
in the sensor. Then, we calculated the length of the gap between the stationary sensor
and the coverage hole. Finally, we broadcast notifications to stationary sensors that met
the requirements for rotation. Stationary sensors that completed rotation will no longer
participate in the next round of optimization.

4.1.2. Obstacle Avoidance Path Planning Based on IBS-A* Algorithm

Obstacles in the monitoring area can hinder the scheduling of mobile sensors. There-
fore, after determining the candidate nodes, we needed to design obstacle avoidance
movement paths to schedule the nodes. The A* algorithm is a classic path planning method
with good performance in calculating global optimized paths. The traditional A* algo-
rithm suffers from problems such as multiple traversal nodes, large corners, and uneven
paths. Moreover, traditional A* algorithms heavily rely on heuristic functions. To improve
search speed and accuracy, we made improvements to the A* algorithm. Firstly, based on
environmental information, we introduced obstacle probability factors and dynamically
changed weight values to improve search accuracy. Then, a bidirectional search strategy
was adopted to improve search speed. Finally, combined with the Floyd algorithm, unnec-
essary inflection points were removed, and the planned path was smoothly optimized.

(1) Adaptive heuristic function

The heuristic function plays a key role in the search speed and accuracy of traditional
A* algorithms. Our improvement of the heuristic function was divided into two parts.
Firstly, we used 8-neighborhood search and combined the advantages of Euclidean distance
and Manhattan distance to design the heuristic function. This heuristic function was closer
to the actual cost. The improved heuristic function is shown below.

h(n) = disty(n) + dist,(n) — 0.2 x min{dist,(n),dist,(n) } (17)

Then, we considered the influence of obstacles in the environment and introduced
the obstacle probability factor. By changing the weight of the heuristic function h(n), the
evaluation function f(n) was adaptively adjusted.

f(n) = g(n) + (1 = InW)h(n) (18)
No
W = 19
D7) Dy () )
where Nj represents the number of obstacles on the path, Dy(n) = |ty —cx|, Dy(n) =

|ty —¢y|. cx, tx represent the horizontal coordinates of the current point and the target
point, respectively. ¢, t, represent the vertical coordinates of the current point and the
target point, respectively.

The weight of h(n) is negatively correlated with the number of obstacles. When the
value of Ny is large, the weight of h(n) actually decreases; on the contrary, the weight of
h(n) increases. When the weight of h(n) is small, the accuracy of the algorithm can be
ensured. Increasing the weight of h(n) can improve search speed.
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(2) Bidirectional search

The bidirectional A* algorithm performed 8-neighborhood search from both the start-
ing point and the target point simultaneously. When two paths meet at a certain node,
that path is the desired path. Moreover, to avoid the problem of intersecting paths with
obstacles during bidirectional search, we added local path constraint search in the search
strategy. Initialize two open lists and two closed lists, and add the starting point and target
point to the open list for forward search and the open list for reverse search, respectively.
Perform forward search and reverse search separately. When there was a common node in
the open list of forward and reverse searches, the path was found. If the list was empty;, it
meant there was no path.

(3) Path smoothing strategy

The path obtained through bidirectional search still has the problems of unsmooth
path and large turning points. Therefore, it is necessary to remove redundant points in the
path and perform smoothing processing. Firstly, starting from the second node, determine
whether it is a redundant node. If the current node is on the same straight line as the
previous node and does not pass through obstacles, then the node is a redundant node.
Then, delete the redundant node and update the path. Finally, the Floyd algorithm was
used to smooth the path and further optimize the planned path.

4.2. Extending Network Lifetime Based on Improved Nutcracker Optimizer Algorithm

After the coverage enhancement in phase 1, all targets were covered. However, there
was still a problem of redundant coverage in the network. At time t, only one sensor needs
to be activated at each target to complete the monitoring task. Simultaneously activating
all sensors resulted in severe coverage redundancy, thereby reducing network lifetime.
Therefore, when performing monitoring tasks, only some nodes are required to be turned
on, while others enter sleep mode. We used INOA to solve this problem and obtain the
optimal subset.

4.2.1. Nutcracker Optimizer Algorithm

The nutcracker optimizer algorithm (NOA) was proposed by Mohamed Abdel Basset
etal. in 2023 [27,28]. Its principle is to simulate the behavior of nutcracker collecting and
searching for food. The main framework of NOA consists of two strategies, each containing
two population behaviors. There are two types of population behaviors included in these
two strategies: exploration and exploitation.

A. Foraging and storage strategy

The strategy consists of two main stages: foraging and storage. Each stage corresponds
to a population behavior. The specific process is as follows.

(1) Foraging stage: exploration phase 1

During the foraging and exploration phase, the initial position of the nutcracker is
random. Firstly, the nutcracker checks the pine tree seeds at their initial position. If the seed
quality at the initial position is good, the nutcracker flies back to the storage area from that
position, and this path is a solution. Otherwise, the nutcracker will go to another location
to search for good pine tree seeds. The position of the nutcracker was updated during this
process. This process can be represented by the following mathematical equation.
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—t4+1
where X;  represents the position of the nutcracker at the current iteration, and X! j

represents the j-th position of the nutcracker at t iterations. 7y, T, r is a random real
number within the range of [0, 1]. an, j represents the j-th dimensional mean of all solutions
in the t-th iteration. 7, y is a random real number between Levy flight and [0, 1] based on
a normal distribution. A, B, and C are three random indices in the population. U]-, L j are
the upper and lower bounds of the j-dimensional variable. Tay is the maximum number

of iterations.
T3, 11 <71

H=9q T, 1r2<T13 (21)
T5, 11 <713

where 11, 13, r3 are the random real numbers in the range [0, 1], 73, T4, T5 are random real
numbers in the range [0, 1], normal distribution, and levy flight, respectively.

(2) Storage stage: exploitation phase 1

During the development phase, the task of the nutcracker is to store food. The
mathematical model of this behavior is shown below.

st —t —t —t —t
X+ <Xbest - Xi) A+ 71 (XA - XB)/ T <

—t+1(new) ot ot _f
X; =\ Xpest + 1 (XA - XB>, <13 (22)
—t
Xpest 'L, otherwise
—t+1(new) —t
where X; represents a new location in the storage area during t iterations, X,;

represents the current optimal solution, and A is a random number. The linear decrease of
I from 1 to 0 is an important factor in NOA. Its function is to avoid getting stuck in local
minima and also to accelerate the convergence speed during the development phase.

To ensure a balance between explorers and developers during the foraging and storage

—t+1
stages, two random numbers ¢ and P,; were introduced. If ¢ > P,1, X; = Equation (20).
—t+1
Otherwise, X; = Equation (22). ¢, Py € [0, 1]. P;; decreases linearly with the number

of iterations.
B. Cache-search and recovery strategy

There are two behaviors in the search for storage areas and retrieval stages of the
nutcracker population. The exploration and exploitation activities during this stage are
as follows:

(1) Cache-search stage: exploration phase 2

The search for storage areas and retrieval strategies are based on two reference points
(RPs). Nutcracker chose two reference points to determine the location of the storage area.
Nutcrackers have two methods when searching for storage areas: remembering RP; and
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remembering RP,. There are two possibilities for each method: the presence of food and
the absence of food, as shown below.

t

t+1 gl R
T x Xt . —xt RP;; — X! > @)
ij T11( Xpestj = Xij) T2 RPjp = Xe i |, B2
f,j’ < T
ijl = (24)

— 1
Xij+n (Xiest,j - Xf;) +n (Rpi,z - Xf;,j) , 52T

The first scenario of Equations (23) and (24) indicates the presence of food in the
storage area, and the obtained solution is good and close to the optimal solution. In the
next iteration, nutcracker may also choose this storage area. The second scenario indicates
that there is no food in the area, and a new area needs to be searched. The choice of the first
or second reference point for nutcracker is determined by 17, 13, 77, 78 € [0, 1].

(25)

1

§t+1 ) Equation (23), 17 <Tg
| Equation (24), 17 > 13

(2) Recovery stage: exploitation phase 2

The basic principle of the retrieval phase is similar to the search for storage area phase,
which is also implemented through two reference points. The location update equation for
this phase is shown below.

—t —t —

1 Xi, f(Xi> < f(RPi,l)

Xi = — —t — (26)
RP;q, f(Xi> > f<RPi,1>
—t —t —

Lt X, f(Xi> < f(RPi,2>

Xi = — st — (27)
RP;,, f(Xi> > f<RPi,2>

— —
Determine which reference point to choose by comparing f (RPiJ) , f <RPZ-,2> CIf

— — —t+1 —t+1
f(RPirl) < f(RPi,z), X; = Equation (26). Otherwise, X; = Equation (27).

— —

S+l Equation (26), f{ RP;1 ) < f| RP;2

Xi = — — (28)
Equation (27), f{ RPi1 | > f| RP;»

In order to ensure a balance between explorers and developers in the search for storage
areas and retrieval stages, the latest positions of the two stages are randomly exchanged, as
shown below.

(29)

§t+1 B Equation(25), ¢ > Py
" | Equation(28), ¢ < P

where ¢ is a random number within the range of [0, 1]. The value of Py, is 0.2.
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However, in the NOA, if the quality of the solution is better than that of the new
solution, nutcracker will remain at its current position.

St —t4+1 —t
Ak Xi iff<Xi ) > f(Xi>

1

(30)

—t
X;, otherwise

4.2.2. Improvement of Nutcracker Optimizer Algorithm

NOA is a recently proposed optimization algorithm that has the advantages of simple
parameters and strong optimization ability [29]. However, NOA also has certain limitations,
such as local optima and convergence problems. To further improve the performance of
NOA, we introduced three strategies, as shown below.

(1) Bidirectional local search

The bidirectional search strategy is to start searching from both the starting and ending
points simultaneously, selecting a node from each direction to expand until the two search
paths meet. During the search process, if there is a common point in the open list of forward
and reverse searches, then that point is the optimal solution. If there are multiple different
solutions, compare the fitness values of the solutions from multiple dimensions. Adding
bidirectional search to the NOA can reduce the search space. Because it searches from both
directions simultaneously, it can find solutions faster. Therefore, to further accelerate the
search speed of NOA, this section adopts a bidirectional search strategy.

(2) Cauchy mutation operation

The Cauchy mutation operation updates the position of an individual. The offspring
produced by it have greater differences from their parents. Therefore, the diversity of the
population was increased, and the global optimization ability of the algorithm was im-
proved. There are three main steps to implementing Cauchy mutation operation: (1) After
the algorithm enters a premature state, sort the current fitness values of individuals in
ascending order. (2) Perform Cauchy perturbation on the positions of the top 15% in-
dividuals and maintain them within the solution space to prevent them from crossing
boundaries. (3) Recalculate the fitness size of the individual and determine whether it has
fallen into premature convergence. If so, repeat steps (1) to (3) until the global optimal
value is searched or the algorithm termination condition is met.

(3) Fusion improvement strategy

To improve the convergence speed of NOA while reducing local minima, we designed
a fusion improvement strategy. Firstly, choose a random solution. Then, compare the fitness
values of the random solution with the current solution. If the fitness value of the current
solution is high, update along the direction of the current solution until the optimal solution
is found. Otherwise, update the current solution in the direction of the random solution.
This strategy reduces the probability of excellent solutions being eliminated by introducing
random schemes, increases the diversity of solutions, and reduces the possibility of local
optima. Meanwhile, as the search direction is concentrated in areas with high fitness values,
the convergence speed is faster.

Algorithm 1 shows the improved NOA.
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Algorithm 1 Improved Nutcracker Optimization Algorithm (INOA)

- —

Input: P, U, L, Tmax
N
Output: the best solution found Xp,;

1: Initialize the population
2: Find the current solution with the highest fitness value
3 t=1
while t < Tiax
Generate random real numbers B, ; from [0, 1]

4

5

6: if B < B1 //Foraging and storage strategy//
7: ¢, Py are random number within [0, 1]

8

9

fori=1:N
forj=1d
10:  if o> Pp
—t+1
11: update X; using Equations (20) and (30)
12: else
—t+1
13: update X; using Equations (22) and (30)
14: end if
15: t=t+1
16: end for
17:  else //Cache-search and recovery strategy//
18: Generate RP, and random numbers ¢ within [0, 1]
19: fori=1:N
20: ifp > Pp
—t+1
21: update X; using Equations (25) and (30)
22: else
—t+1
23: update X; using Equations (28) and (30)
24: end if
25: t=t+1
26: end for
27: else //Improvement strategy//
28: fori=1:N
29: Calculate the fitness values of solutions under different improvement strategies
30: Compare fitness values
—t+1

3L update X;
32:  endif
33: t=t+1
34:  end for

35: end while

5. Simulation Result

We conducted multiple experiments in this section, and we analyzed and summarized
the experimental results. We evaluated the capability of our method through a result
analysis. Considering the error of a single experiment, all experimental data are the average
of multiple experiments. The experiments in this paper were conducted on MATLAB 2018a,
and the experimental platform used was a Windows 10 system.

As described in Section 4, our method consists of three parts: optimizing the sensing
direction of stationary nodes, updating the deployment location of mobile nodes, and
scheduling node sleep or work. Among them, optimizing node sensing directions and
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updating node positions are aimed at covering uncovered targets and improving coverage
capability. The purpose of arranging sensors to sleep or work is to increase the remaining
energy and improve monitoring time. We designed two sets of experiments in this section
to evaluate the reliability and superiority of our method.

The purpose of Experiment A is to evaluate the ability of our method in coverage
enhancement by comparing the uncovered targets and their moving distances. The amount
of uncovered targets determines the quality of network monitoring, and the distance
represents the energy consumed. They are the most important indicators for evaluating
coverage enhancement methods. This paper adopts a stationary node sensing direction
optimization method and a mobile node scheduling method based on IBS-A* to achieve
coverage enhancement.

The A* algorithm is a classic path search algorithm widely used in coverage enhance-
ment. The multi-objective particle swarm optimization (MOPSO) enhances network cover-
age by searching for the optimal location of mobile nodes. An improved vampire bat—virtual
force algorithm (VB-IVFA) combines the improved virtual force and vampire bat algorithm
to schedule nodes for enhanced coverage. Therefore, in Experiment A, we compared the
proposed IBS-A* with the A* algorithm, MOPSO [24], and VB-IVFA [19] algorithms.

The purpose of Experiment B is to evaluate the ability of our method in extending the
network lifetime. This paper uses the INOA to solve the optimal working timing of nodes,
scheduling a subset of nodes to work alternately, thereby extending the network lifetime.
The two-phase lifetime-enhancing method (TLM) [24], maximizing the surveillance quality
of area coverage (MSQAC) [30], and the maximum coverage set scheduling algorithm
(MCSSA) [31] all extend the network lifetime by solving node subsets. Therefore, we
compared the proposed INOA with the TLM, MSQAC, and MCSSA. Specifically, we also
compared the INOA with the original NOA. In addition, due to the fact that the TLM,
MSQAC, and MCSSA use omnidirectional sensing models, they cannot be directly applied
to directional sensing models. We have modified these three algorithms based on the
method in reference [13] to enable their application in directional sensor networks.

5.1. Parameter Settings

In this experiment, the monitoring area is set to 200 m x 200 m, the number of sensors
n is 50-500, and the number of targets k is 10-50. The sensing radius of the sensor R; is
10 m, and the communication radius is R, = 2R;. The initial energy E of the sensor is
10 U, and the maximum capacity of the sensor is also 10 U. The energy threshold Ey, of the
sensor is 0.6E. The sensing energy consumption rate of the sensor es*"S~45" is 0.5 U /T.

The energy consumption of mobile sensors e;"0?¢~4isch

sensors ¢, is related to weather conditions. We refer to the method in reference [25] to

is 0.1 U/m. The charging rate of

predict the solar energy intensity for the day based on historical data, in order to determine
the charging rate. The range of the charging rate is 0-0.5 U/T. The specific parameters are
shown in Table 1.

Table 1. Simulation parameters.

Region of Interest (ROI) 200 m x 200 m
Number of targets (k) [10, 50]
Number of sensors (n) [50, 500]
Number of stationary sensors (1) [0, 500]
Number of mobile sensors (11,,) [0, 500]
Sensing angles (6) [7/3, ]
Sensing radius (R;) 10m
Communication radius (R.) 20m
Initial energy (E) 10U
Energy threshold (Ey,) 0.6E
Sensing energy consumption (es*"s~4isch) 05U0/T
Mobile energy consumption (es move—dischy 0.1U/m

Charging rate (e;"") 0-05U/T
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5.2. Experiment A: Comparing of Coverage Enhancement Performance

We designed three experiments to verify the ability of the proposed IBS-A* algorithm
in uncovered targets and movement distance. The three experiments are as follows: the
visualization example, comparison of the obstacle avoidance path length for individual
sensors, and comparison of the total obstacle avoidance path length (total movement
distance). In addition, when comparing the total movement distance, we also compared
uncovered targets to estimate the ability of the IBS-A* algorithm.

5.2.1. Visualization Example

Figure 7 shows a visualization example after executing the coverage enhancement
algorithm. Figure 7a is a monitoring area where sensors are randomly deployed, and
Figure 7b is the state after executing our algorithm. The white rectangle and sector are the
target and stationary nodes, respectively. The blue sector is the mobile sensor node. The
black polygon represents obstacles. The red dashed sector represents the new position of
the static sensor after rotation. The blue dashed sector represents the new position of the
mobile sensor. The blue arrow represents the movement path of the mobile sensor. From
Figure 7a, it can be seen that there are 13 uncovered targets. After executing the algorithm,
there are only two uncovered targets in the monitoring area. Therefore, implementing
the method proposed in this paper can effectively repair coverage holes and enhance
network coverage.

o
(a) Initial state (b) Final state

Figure 7. Visualization of performing proposed method.

5.2.2. Comparison of Obstacle Avoidance Path Lengths for Individual Sensors

To compare the search accuracy and search time of IBS-A*, A*, MOPSO, and VB-
IVFA, we conducted obstacle avoidance movement experiments using a single sensor.
Table 2 lists the obstacle avoidance path length and search time of IBS-A* compared to
three other algorithms.

Table 2. The path length and search time of different algorithms.

The Length of Obstacle .
Avoidance Path (m) Search Time (s)
A* 39.75 7.81
MOPSO 46.62 9.53
VB-IVFA 45.33 11.56

IBS-A* 37.25 3.65
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Number of uncovered targets

From the table, the obstacle avoidance path of A* algorithm is smaller than MOPSO
and the VB-IVFA. Compared to MOPSO and the VB-IVFA, the A* algorithm has better
search performance. Our IBS-A* algorithm incorporates a smoothing strategy into the
traditional A* algorithm, reducing unnecessary inflection points. Therefore, the IBS-A*
algorithm searches for the optimal path that is 6.3% smaller than the A* algorithm. In
addition, the IBS-A* algorithm introduces a bidirectional search method to improve search
speed, resulting in a 53.1%, 61.7%, and 68.5% increase in search time compared to A%,
MOPSO, and VB-IVFA, respectively.

5.2.3. Comparison of Uncovered Targets and Total Moving Distance in Different Scenarios

In this section of the experiment, we performed IBS-A*, A*, MOPSO, and VB-IVFA
separately, and we present the experimental results in the figure. The experimental param-
eters include the following: n, k, Rs, 6. Among them, 7 is 100, and k is 50. We conducted
experiments in environments with different proportions of mobile sensors, sensing radii
Rs, and sensing angles 0.

As shown in Figure 8, we compared the results of different methods in uncovered
targets and mobile energy consumption under different proportions of mobile sensors.
Mobile energy consumption mainly focuses on the energy consumed during movement.
Therefore, the energy consumption of movement is represented by the distance traveled.
In this experiment, R; and 0 were set to 10 m, 7r/2, respectively.

250

—+— IBS-A* —+— IBS-A*
—o—a ——n L
MOPSO MOPSO
—*— VB-IVFA 200 [ [—*—VB-IVFA
E
8
& 150 r
k]
°
2
s
2 100
s
o
2
50
0
0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
The ratio of mobile sensors The ratio of mobile sensors
(a) Uncovered targets (b) The total moving distance

Figure 8. Uncovered targets and total moving distance with various ratios of mobile sensors.

From Figure 8, when the proportion of mobile sensors becomes larger, the uncovered
targets show a decreasing trend, while the moving distance shows an increasing trend. As
shown in Figure 8a, in terms of uncovered targets, the results of IBS-A* are very close to
those of A*, MOPSO, and the VB-IVFA. When the proportion of mobile sensors reaches a
certain value, all targets in the monitoring area are covered by the sensors. But, in Figure 8b,
our algorithm has a significant advantage in terms of movement distance. The A*-based
method can search for the most suitable path, but its performance is poor in obstacle
environments. However, the obstacle avoidance paths planned by the MOPSO algorithm
and the VB-IVFA have many turning points and are not smooth enough. Also, our method
has good obstacle avoidance ability, and the path is relatively smooth. Therefore, the
moving distance generated by the above three algorithms is higher than our method. With
A*, MOPSO, and the VB-IVFA, the IBS-A* method reduces the total moving distance by
10.5%, 23.1%, and 18.3%, respectively.

Figures 9 and 10, respectively, demonstrate the performance of four algorithms under
different sensing radii and angles. As shown in Figures 9a and 10a, in terms of uncovered
targets, all algorithms exhibit a decreasing trend. When the perceived radius and angle
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increase to a certain extent, the performance of the four algorithms is very similar. In
terms of moving distance, it is evident from the analysis of the experimental data in
Figures 9b and 10b that the proposed IBS-A* has the smallest moving distance, followed by
the VB-IVFA, and MOPSO has the highest value. This indicates that the proposed method
has less mobile energy consumption while meeting coverage requirements, which is more
conducive to extending the network lifetime.

Number of uncovered targets
&

250

—+— IBS-A* —+— IBS-A*
—o—n ——na
MOPSO 4 MOPSO
—k— VB-IVFA 200 —k— VB-IVFA
g
8
& 150
2
2
é 100
g
2
50
k 0
15 20 25 30 10 15 20 25 30
Sensing radius Sensing radius
(a) Uncovered targets (b) The total moving distance

Figure 9. Uncovered targets and total moving distance with various sensing radius.
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n
1=
S

Total moving distance(m)
=) @
8 g

50

60
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(a) Uncovered targets (b) The total moving distance

Figure 10. Uncovered targets and total moving distance with various sensing angles.

In summary, our IBS-A* algorithm has certain advantages in coverage rate, moving
distance, running time, and other aspects. While meeting coverage requirements, it can also
reduce mobile energy consumption, laying a foundation for extending network lifetime in
the next step.

5.3. Experiment B: Comparison of Network Lifetime

We compared the performance of the proposed INOA with NOA, TLM, MSQAC, and
MCSSA algorithms in network lifetimes. We implemented five algorithms in the case of
different numbers of sensors 1, sensing radius R, sensing angle 6, and target k.

5.3.1. Comparing the Impact of Sensor Numbers on Network Lifetime

The network lifetime of five algorithms under different sensor numbers is shown in
Figure 11. Experimental parameters: k, Rs, and 6 are set as 50, 10 m, and, respectively.
The proportion of mobile sensors is 0.2, and # is 50-100. By analyzing the experimental
data in Figure 11, it is evident that, as the number of sensors enhanced from 50 to 100, the
network lifetime also continued to rise. More sensors mean that multiple sensors can be
deployed at certain targets. Therefore, more work subsets that meet coverage requirements
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can be obtained. The more subsets that meet the criteria, the longer the network lifetime.
Compared to the TLM, MSQAC, and MCSSA, the proposed INOA method has a longer
network lifetime. Under the same conditions, compared with the TLM, MSQAC and
MCSSA, the maximum improvement of the INOA is 12.8%, 30.6%, and 43.9%, respectively,
and the average improvement is 5.9%, 15.8%, and 22.3%, respectively. Compared to
the NOA, the INOA has a maximum increase of 16.3% and an average increase of 8.7%.
Compared with the NOA, the INOA has added a Cauchy mutation operator and fusion
improvement strategy, which enriches the diversity of the population and improves the
global optimization ability of the algorithm. Therefore, the lifetime of the subset of nodes
obtained by the INOA is longer.

150

Network lifetime(T)

50 60 70 80 90 100
The number of sensors

Figure 11. Network lifetime under various sensor numbers.

5.3.2. Comparing the Impact of Sensing Radii and Angles on Network Lifetime

The network lifetime of five algorithms under different sensing radii is shown in
Figure 12. n, k, and 6 are set as 50, 50, and, respectively. The proportion of mobile sensors is
0.2, and R; is 10-50 m. As shown in Figure 12, the network lifetime of all five algorithms
shows an upward trend. The larger the value of the sensing radius, the larger the coverage
range of the sensor node. Sensors with larger coverage areas can cover more targets.
Therefore, fewer sensors are used to perform monitoring tasks, thereby extending the
network lifetime. The sensing radius of the sensor reached beyond 20 m, showing that the
improvement in network lifetime is more significant. With the NOA, compared to the TLM,
MSQAC, and MCSSA, the INOA has always had the best network lifetime.

150

—+—INOA

Network lifetime(T)

10 15 20 25 30
The sensing radius

Figure 12. Network lifetime under various sensing radius.
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The network lifetime of five algorithms under different sensing angles is shown in
Figure 13. n, k and R; are set as 50, 50, and 10 m, respectively. The proportion of mobile
sensors is 0.2, and 6 is [7r/3, 7t]. Similar to the experimental results under different sensing
radii, the network lifetime is positively correlated with the sensing angles of sensor nodes.

100

Network lifetime(T)

60 90 120 150 180
The sensing angle(®)

Figure 13. Network lifetime under various sensing angles.

5.3.3. Comparing the Impact of Target Numbers on Network Lifetime

The network lifetime of five algorithms under different numbers of targets is shown
in Figure 14. n, R;, and 0 are set as 100, 10 m, and, respectively. The proportion of mobile
sensors is 0.2, and the number of targets is 10-50. The increase in targets means that more
sensors need to be scheduled to perform monitoring tasks, which requires more energy
consumption. The lifetime of the network is negatively correlated with target numbers.
From the experimental data in the figure, it can be seen that, when the number of targets
is the same, the INOA has the longest network lifetime. Compared to the NOA, TLM,
MSQAC, and MCSSA, the average improvement of the INOA proposed is 14.7%, 13.6%,
45.3%, and 56.1%, respectively.

75

—+—INOA
—&— NOA

Network lifetime(T)

10 20 30 40 50
The number of targets

Figure 14. Network lifetime under various target numbers.

As mentioned above, in four different cases, the proposed INOA outperforms the
NOA, TLM, MSQAC, and MCSSA in network lifetimes. Therefore, the method proposed
in this paper is effective and has good performance.
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6. Conclusions

This paper proposes a new node deployment optimization method to solve the prob-
lems of coverage quality and network lifetime in obstacle environments. This method
repairs coverage holes and enhances network coverage by solving for the optimal sensing
direction of stationary sensors and designing a shortest obstacle avoidance path for mobile
sensors. After enhancing network coverage, this paper proposes a sensor working state
(work sleep) adjustment method based on the INOA. This method arranges subsets of
nodes in order to perform coverage tasks, thereby extending the network lifetime. From
experimental data and analysis, it can be seen that, compared with A*, MOPSO, and the
VB-IVFA, the IBS-A* method proposed in this paper reduces the average moving distance
by 10.5-23.1%. In terms of network lifetime, compared with the NOA, TLM, MSQAC, and
MCSSA, the average improvement of the INOA is 5.9-22.3%. The maximum improvement
rate reached 56.1%. Therefore, the proposed method has better performance, can improve
the coverage rate with a smaller moving distance, and effectively prolong the network
lifetime. However, the work presented in this paper can be further expanded. We may
consider using distance-adjustable sensors or probabilistic sensing models in our future
research. In addition, introducing UAVs to assist in replenishing energy is another potential
research work.
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