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ABSTRACT: The Wireless Sensor Networks (WSNs), serving as the perception layer of the Internet of Things (IoT),
play a vital role in various fields such as environmental monitoring, smart homes, and industrial automation. However,
the limited battery capacity of sensor nodes and the uneven traffic burden caused by multi-hop transmission often lead
to premature node death, energy holes, and network partitioning. To address these problems, this paper proposes an
Energy-efficient and Load-balanced Routing protocol based on Ant Colony optimization (ELRAC). First, a hierarchical
regional network model and an angle-based neighbor pre-screening mechanism are designed to reduce ineffective node
interactions and avoid backward or detoured forwarding. Second, a composite heuristic function integrating distance,
directional angle, and residual energy is constructed to guide ants toward energy-efficient and load-balanced next-
hop selection. Third, a dynamic pheromone replenishment mechanism is introduced to maintain route diversity and
alleviate premature convergence. Simulation experiments are conducted under different network settings and compared
with representative routing protocols, including LEACH, R-LEACH, GWOA-CH, and AEGWO-CH. The results show
that ELRAC improves packet delivery, energy utilization, and overall routing stability while maintaining a balanced
network lifetime. These results demonstrate that the proposed protocol can effectively enhance load balancing and
energy-efficient routing performance in WSNs.

KEYWORDS: Wireless sensor networks; routing; ant colony optimization; network lifetime; load balancing

1 Introduction
In recent years, with the rapid advancement of the Internet of Things (IoT) and intelligent sensing

technologies [1], Wireless Sensor Networks (WSNs) have gained significant importance, serving as a critical
bridge connecting the physical and digital worlds [2]. Leveraging the self-organizing, low-cost, and wide-
area coverage characteristics, WSNs have become important in numerous fields, such as environmental
monitoring [3], industrial automation [4], and precision agriculture [5]. In traditional WSNs, sensor nodes
are typically powered by batteries with limited energy capacity and are often deployed in harsh environments
where it is difficult to access, and energy replenishment is exceptionally challenging. Consequently, how
to maximize the network lifetime and the Quality of Service (QoS) remains one of the most fundamental
challenges in the field of WSNs. Actually, the network lifetime is directly determined by the efficiency
and balance of energy consumption. Over the past decades, extensive research has investigated approaches
to improving the energy efficiency of WSNs, including routing optimization [6] and data compression
for efficient transmission [7]. Among various solutions, the optimization of routing protocols is widely
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recognized as a pivotal method for enhancing the energy efficiency of WSNs. However, traditional routing
algorithms tend to favor shortest-path selection, which often leads to premature energy depletion of critical
nodes due to excessive data forwarding tasks, ultimately resulting in network partitioning and severe
performance degradation.

To address the aforementioned challenges, nature-inspired metaheuristic algorithms, particularly Ant
Colony Optimization (ACO), have been extensively introduced into WSN routing design due to their
capability in solving complex path optimization problems [8,9]. By simulating the pheromone-based positive
feedback mechanism of ant colonies, ACO can dynamically discover and approach the optimal path.
Nonetheless, classical ACO routing algorithms still exhibit notable limitations in WSNs: Firstly, their
heuristic function typically considers only the inter-node distance, lacking comprehensive consideration of
energy status and transmission direction, making them prone to falling into local optima. Secondly, during
the initial route establishment phase, nodes require extensive control message exchanges to explore paths,
generating substantial unnecessary communication overhead. Thirdly, the conventional pheromone update
mechanism easily leads to premature convergence of the algorithm, restricting its ability to find global
optimal solutions in dynamic network environments.

To this end, a load-balanced and energy-efficient routing protocol based on an improved ant colony
optimization is proposed in this paper. Specifically, the main contributions of this work can be summarized
as follows,

(1) A hierarchical regional network model is proposed, along with a neighbor node pre-screening mech-
anism incorporating an angle factor, this mechanism leverages an angle factor to strategically confine
the communication range for route discovery, effectively filtering out neighbors that would lead to
backward or detoured paths, thereby significantly reducing control overhead and energy consumption
during route establishment,

(2) A composite heuristic function integrating distance, angle, and energy factors has been designed,
which is able to dynamically balance transmission distance, directional guidance, and node residual
energy, thereby steering route selection toward energy efficiency and load balancing,

(3) A dynamic replenishment pheromone update mechanism is introduced as a route maintenance strat-
egy. By implementing a minimum pheromone concentration threshold and a stochastic replenishment
strategy, it mechanism effectively prevents premature algorithm stagnation, enhances the exploration
capability for global optimal paths, and improves the protocol’s robustness.

(4) Simulation experiments demonstrate that the proposed protocol significantly outperforms existing
schemes (e.g., Low Energy Adaptive Clustering Hierarchy (LEACH), residual-energy-based LEACH
(R-LEACH), and Grey Wolf Optimization and Whale Optimization Algorithm-based cluster-head
selection (GWOA-CH)) in terms of network lifetime, throughput, and energy efficiency, thereby
validating its practical effectiveness.

The remainder of this paper is organized as follows. Section 2 reviews related works, followed
by Section 3, in which the system model and problem definition is elaborated. Section 4 presents analytical
proofs of relevant theories and mechanisms. Section 5 details the design specifics of the proposed routing
protocol. The experiments and result analysis are presented in Section 6. Finally, we draw the conclusion and
outline some potential future research directions.

2 Related Works
Recent studies have investigated WSNs from different perspectives, including mobile energy replenish-

ment, battery-free data collection, underwater sensing, traffic-load-aware resource management, reliability
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evaluation, QoS-aware routing, and Unmanned Aerial Vehicle (UAV)-assisted data collection [10]. Mobile
energy replenishment and battery-free scheduling have been studied to alleviate the energy limitation of
sensor nodes [11,12]. Underwater WSNs introduce additional challenges such as restricted transmission,
unreliable links, and traffic-load variation [13,14]. In addition, trust management [15], deep reinforcement
learning, graph neural networks [16], and machine-learning-based routing [17] have been introduced to
improve security, reliability, and QoS in WSNs. These studies indicate that energy limitation, load balancing,
and reliable data forwarding remain key challenges in practical WSN deployments.

Improving energy efficiency and extending the lifetime of Wireless Sensor Networks (WSNs) remain
important challenges in the field [18]. To address this issue, researchers have primarily focused on the
optimization of network architecture and routing protocols [19]. Among these, clustering-based protocols
and metaheuristic optimization methods have been widely investigated for improving energy efficiency and
extending network lifetime [20,21].

Clustering is an effective and widely adopted energy-saving technique [22]. Its core concept involves
organizing the network into a cluster-based structure, where Cluster Heads (CHs) are responsible for data
aggregation and long-distance transmission, thereby reducing the energy consumption associated with
nodes communicating directly with the Sink. The Low Energy Adaptive Clustering Hierarchy (LEACH)
protocol is a pioneering work in this field [23]. By randomly rotating the role of cluster heads, LEACH
distributes the network’s energy consumption evenly across all sensor nodes, thereby preventing fixed CHs
from depleting their energy too rapidly. However, since the process of the Cluster Head selection is entirely
random and does not consider the residual energy or geographical location of the nodes, the nodes with
lower energy are easily to be selected as CHs and use up their energy prematurely, and may also result in an
uneven distribution of cluster heads. To address these issues, the R-LEACH algorithm was proposed [24],
in which the node’s initial energy and the residual energy are adopted as key parameters in the cluster head
election process, thus allowing nodes with higher energy a greater chance of becoming cluster heads. As a
result, the balance of the network load can be significantly improved.

To identify globally optimal paths or cluster head deployments in more complex network environments,
researchers have introduced various metaheuristic algorithms, thereby establishing an important research
direction in intelligence-based optimization routing protocols.

The Particle Swarm Optimization-based Energy-efficient Cluster Head Selection (PSOECHS) algorithm
leverages the global search capability of PSO to select the proper CH [25]. During the process of Cluster Head
election, it comprehensively considers inter-node distances, the distance from nodes to the Sink, and the
residual energy of nodes, thus promoting the formation of cluster structures with superior energy efficiency
and geographically balanced. Similarly, Loganathan and Arumugam proposed the ECPSO algorithm [26], in
which not only PSO was adopted for cluster head selection but also new roles, i.e., assistant Cluster Heads and
super Cluster Heads, are innovatively introduced for each cluster, with the former handling data aggregation
and the latter managing communication with the Sink. This design effectively distributes the workload
traditionally handled by a single cluster head, further delaying the energy depletion of Cluster Heads.
GWOA-CH, a dual-cluster-head hierarchical routing protocol, combines Grey Wolf Optimization (GWO)
and the Whale Optimization Algorithm (WOA) for cluster-head selection [27]. By considering the residual
energy of sensor nodes and their distances to the Sink, it aims to achieve more balanced network energy
consumption. Furthermore, the Energy-Aware Hybrid Approach (EAHA) incorporates genetic algorithms
to optimize the selection of multi-hop routing paths [28]. By identifying the path with the lowest energy
consumption among candidate paths and striving to achieve energy balance among nodes, the network
lifetime can be effectively prolonged.
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In summary, existing research has made remarkable progress in enhancing the energy efficiency and
balancing network load of WSNs through the introduction of metaheuristic algorithms and the optimization
of network architectures. However, as Internet of Things application scenarios grow increasingly complex,
these solutions still face challenges in adapting to dynamic network environments. These metaheuristic-
based routing protocols remain constrained by two critical bottlenecks in practical deployment. Firstly, in
the route discovery phase, the global information interactions necessary for route evaluation—such as the
fitness calculations in PSO and GWO algorithms—consume the very energy intended to be saved, which
fundamentally contradicts the core objective of these protocols. Secondly, the persistent risk of premature
convergence poses a particularly critical issue for ACO-based schemes, where imbalanced pheromone
distribution can easily trap the algorithm in local optima, preventing it from identifying globally optimal
routing paths throughout the network’s operational lifetime. Consequently, the fundamental challenge of
significantly reducing control overhead while simultaneously ensuring robust exploratory capability to
escape local optima remains a pivotal and non-trivial problem. To address these challenges, this paper
proposes the Energy-efficient and Load-balanced Routing protocol based on Ant Colony optimization
(ELRAC), which incorporates a hierarchical network model, a neighbor pre-screening mechanism, and a
dynamic pheromone update strategy to sustain performance gains in both energy efficiency and network
lifetime. For the sake of convenience, the comparisons on the existing technologies and our main concerns
are listed in Table 1.

Table 1: Comparisons on the existing technologies and our main concerns.

Categories References Advantage Disadvantage

Cluster-based
Routing Protocols [22–24]

Balances network energy
consumption through

cluster-head rotation; simple
structure with good

scalability.

Random cluster-head
selection does not consider

node residual energy or
location, easily leading to

load imbalance and
premature node death.

Metaheuristic
Optimization-based

Protocols
[25–28]

Possesses global search
capability, dynamically

finding near-optimal paths;
suitable for complex

optimization problems.

High control overhead
during route establishment;

The pheromone update
mechanism is prone to

premature convergence,
trapping the algorithm in

local optima.

Our main concerns

1. A neighbor node pre-screening mechanism to restrict ineffective interactions
and reduce overhead.

2. A composite heuristic function integrating distance, angle, and energy to
achieve load balancing and energy awareness.

3. A dynamic replenishment pheromone update mechanism to prevent
premature convergence and enhance global search capability.
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3 System Model
In this section, a hierarchical network model is presented. Subsequently, the energy consumption model

is illustrated, and the relationship among energy consumption and communication distance, data traffic
volume is also pointed out. Finally, the definitions concerning the relevant concepts are detailed and the
specific mathematical expressions are presented at length.

3.1 Hierarchical Network Model
A hierarchical network model is proposed in this paper. The entire network is divided into unequal ring-

shaped regions based on the hierarchical regional data volume dissemination feature as well as the energy
consumption model. As shown in Fig. 1, each sensor node is assigned a specific level ID, which is adopted
to promote energy equilibrium between adjacent levels. Actually, the hierarchical network model is utilized
to construct the routing table based on the optimized ant colony algorithm, thus establishing an optimal
routing from the source to the Sink. For simplicity, the hierarchical network topology is only built during
the phase of network initialization and keeps fixed.

Sensor node SInk node 

Figure 1: Hierarchical network model.

3.2 Energy Consumption Model
In this paper, the first-order radio model is adopted to describe energy consumption for data transmis-

sion. To be specific, the energy consumed by a sensor node’s transmission per k bits of data over a distance
of d is mathematically expressed below,

Etx = k × Eel ec + k × εam p × d l (1)
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where Eel ec denotes the energy consumed to receive or transmit per bit of data, and εam p is the Energy
Loss Factor for amplifier circuits, generally defined as 10 pJ/bit/m2; d denotes the communication distance
between the source and the destination, l is the attenuation coefficient ranging from 2 to 4. In general, the
value of l is related to the transmission mode [29].

The energy for sensor nodes to receive k bits data is mathematically expressed as below,

Erx = k × Eel ec (2)

According to Eqs. (1) and (2), the total energy consumption of sensor nodes for communication can be
expressed as follows,

E = Etx + Erx (3)

3.3 Relevant Definitions
To achieve the optimized energy-efficient routing in WSNs, the effects of path, angle, and energy

factors on routing decision-making are considered comprehensively. The relevant definitions of are proposed
for analysis.

3.3.1 Angle Factor
As shown in Fig. 2, s denotes the Sink; i is the current node, and j, j1 are the feasible candidates for the

next hop. The angle of∠si j denotes the angle factor, which is used for routing guidance. To be specific, the
angle factor can be mathematically expressed as follows,

θsi j = arccos
dsi

2 + di j
2 − ds j

2

2 × dsi × di j
(4)

where θsi j denotes the angle of ∠si j, dsi denotes the distance between the current node and the Sink, di j
denotes the distance between the current node i and the next hop node j, and ds j denotes that between the
Sink s and the next hop j.

3.3.2 Pre-Screening Range of Neighbor Nodes
As shown in Fig. 3, the definition of pre-screening range of neighbor nodes, which is referred as the

communication range of nodes in this paper, is proposed to reduce the amount of information interaction of
nodes. The valid communication range of nodes is set to cut down the extra energy consumption during the
network initialization phase. Specifically, the pre-screening range of neighbor nodes can be mathematically
defined as follows,

Ui = { j∣di j < Hmax ∩ θsi j < 90○} (5)

where Ui is the set of nodes within the pre-screening range of node i. It can also be expressed as the set of
nodes locating in the communication range of node i. di j denotes the distance between node i and node j.
Hmax is the maximum communication range of node i and θsi j is the angle of ∠si j. Specifically, Hmax is
defined mathematically below,

Hmax =
⎧⎪⎪⎨⎪⎪⎩

dti , Sum(Ui) > 0
dti + 1, Sum(Ui) <= 0

(6)
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where dti denotes the width of the hierarchical region where node i locates. Actually, it is the valid
communication range of node i. Sum(Ui) denotes the number of nodes that can communicate effectively
with node i. If there is no feasible next-hop available within the valid communication range of the current
node, Hmax is incremented in size until a feasible next-hop appears.

Sensor node SInk node

S

i

j

j1

Figure 2: Diagram of the angle factor.

3.3.3 Energy Factor
Since the node’s residual energy helps to avoid network communication interruptions due to energy

depletion, a novel concept of Energy Factor (EF, which is shown in Fig. 4) is proposed in this paper, which is
utilized to measure the data propagation ability of sensor nodes. To be specific, the mathematical definition
of EF is presented as follows,

EF = EVi − Ei (7)

here, the Energy Factor (EF) represents the Energy Safety Margin of node i. By subtracting the predicted
energy consumption (Ei) from the residual energy (EVi), EF evaluates whether a node has a sufficient
power buffer to undertake the upcoming data forwarding task. A larger EF indicates a higher load-bearing
capability. To avoid energy depletion, if EF <= 0, node i is considered to have insufficient energy and will be
temporarily excluded from the feasible next-hop candidate set, thus effectively preventing the emergence of
energy holes.



8 Comput Mater Contin. 2026;89(3):94

Sensor node SInk node

90°

S

i

j

j1

j2

j3Hmax

o

Figure 3: Neighborhood node pre-screening.

Figure 4: Schematic diagram of energy factor.
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To obtain the value of Ei , it is necessary to compute the total amount of data propagated by node i
(Datai ) firstly. The data transmitted by node i consists of the data forwarded from the previous hop, the data
received from neighboring nodes, and the data generated by node i itself. It can be mathematically expressed
as follows,

Datai = Datai−1 + Cdatai + kData (8)

where Datai−1 denotes the amount of data propagated by the previous hop node of node i. The value is
obtained through message interactions among the sensor nodes, and Cdatai is the total amount of data
propagated by other nodes to node i within the radius of Hi/2, centered at node i. kData denotes the packet
size propagated by an arbitrary node at a fixed time interval. To be specific, Cdatai can be expressed as
follows,

Cdatai = kData × numi (9)

where numi denotes the number of nodes located within the radius of Hi/2 from node i. Furthermore, since
a sensor node does not need to receive the data it generates itself, the expected amount of received data for
node i is (Datai − kData). By combining Eqs. (1)–(3), (8) and (9), the specific mathematical equation for
the predicted energy consumption Ei can be obtained as follows,

Ei = (Datai × 2 − kData) × Eel ec + Datai × εam p ×Hi
l (10)

4 Theoretical Analysis
In this section, the pre-screening mechanism of neighbor nodes, the mechanisms of route discovery and

routing-pheromone update are elaborated. In addition, the relevant conclusions and definitions are proven
and derived in detail.

4.1 Neighborhood Node Pre-Screening Mechanism
During the phase of network initialization, the valid communication range of nodes is set according to

the neighboring node pre-screening mechanism, with the aim of avoiding extra energy consumption caused
by invalid interactions. To be specific, neighbor node pre-screening, restricts the effective communication
range of nodes based on the network hierarchy model and the angle factor, thereby ensuring a balance in
network energy consumption. At the same time, this mechanism largely reduces the energy consumption of
nodes for information interaction in the phase of route discovery.

4.1.1 Proof and Derivation of the Angle Factor
As shown in Fig. 2, according to the cosine theorem, it can be obtained that the three sides of Δsi j and

∠si j need to satisfy the following relation,

ds j
2 = di j

2 + dsi
2 − 2 × dsi × di j × cos θsi j (11)

According to the definition of the inverse cosine function in trigonometry, we have:

y = arccos(x) (12)
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where y denotes the required angle and x denotes the cosine value corresponding to the angle sought.
Combined with Eqs. (11) and (12), the angle factor can be obtained by the following Expression,

θsi j = arccos
dsi

2 + di j
2 − ds j

2

2 × dsi × di j
(13)

Lemma 1: The introduction of angle factors contributes to the reduction in energy consumption.
Proof: As shown in Fig. 2, the feasible next hop that can be selected by the current node i are node j
and node j1. The residual energy of node j is the same as that of node j1. In traditional ant colony
algorithms, the distance between two adjacent nodes is usually adopted as the selection criterion of the
feasible next hop. In such a case, node i is more likely to choose node j as the next hop since it has a
shorter distance. When node j makes routing decisions, according to the formula concerning the next hop
probability selection in the ant colony routing algorithm, j1 will be selected as the next hop. However, this
route may introduce an unnecessary detour from node i to the Sink. In contrast, when the angle factor
is introduced, the routing decision no longer depends only on the inter-node distance. The angle factor
evaluates the directional alignment between each candidate node and the Sink. Since the pre-screening
mechanism restricts candidate nodes to θsi j < 90○, a smaller θsi j indicates that the candidate node is more
consistent with the forwarding direction toward the Sink. In the improved heuristic function, this directional
advantage is represented by cos θsi j, where a smaller angle produces a larger cosine value and therefore a
higher routing preference after normalization. Consequently, when node j1 has a better directional alignment
than node j under the same residual-energy condition, node i is more likely to select node j1 as the next
hop. This selection helps avoid backward or detoured forwarding and reduces unnecessary intermediate
transmissions. According to Eqs. (1)–(3), communication energy consumption increases with transmission
distance and data forwarding workload. Therefore, reducing detours and unnecessary relays can lower energy
consumption and alleviate load imbalance. Thus, incorporating the angle factor into the heuristic function
ni j(t) of the ant colony algorithm can reduce energy consumption and improve routing efficiency. ◻

4.1.2 Derivation and Proof of the Formula for the Width of the Graded Area of the Network Model
As shown in Fig. 5, assume the number of sensor nodes in the network is N . The distribution of sensor

nodes follows a uniform distribution. The nodes send one unit of data volume per moment, according to the
network data volume model, the total data received by the nodes per moment at level i can be expressed by
the following equation,

Rdatai = N ×
⎛
⎝

1 −
(∑i

j=1 d j)2

L2
⎞
⎠

(14)

where L denotes the distance from the boundary node o to the source node s; d j represents the width of
the region with partition level number j. Similarly, the total amount of data sent by nodes at level i can be
denoted as follows.

Tdatai = N ×
⎛
⎝

1 −
(∑i−1

j=1 d j)2

L2
⎞
⎠

(15)
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Figure 5: Schematic diagram of the grading network.

To balance the energy consumption between the graded zones, the following conditions need to be
satisfied,
⎧⎪⎪⎨⎪⎪⎩

E1 = E2 =, . . . , = Ei

d1 + d2 + . . . + di <= L
(16)

where Ei denotes the total energy consumption of the node at level i, and di is width of the region with
partition level number i. Combine Eqs. (3), (14) and (15), and substitute the equations shown in Eq. (16), the
width of each graded region can be solved to achieve energy balance among the sensor nodes in the graded
region. It is actually the maximum effective communication distance of the sensor nodes corresponding
to the graded region number defined in this paper. Theoretical analysis indicates that the adoption of
the network graded area width as the effective communication distance of the nodes ensures the energy
consumption balance between areas to a large extent and reduces the average energy consumption level of
the nodes during the formation of the network route.

Lemma 2: Pre-screening of neighboring nodes can effectively reduce the extra energy consumption during the
phase of the network initialization.
Proof: As shown in Fig. 5, the current node i forms a circular region with a radius of Hmax, which represents
the effective communication range of node i. Accordingly, the set of next hops of node i can be derived as
{ j, j1 , j2, j3}. It can be found that if nodes j2 and j3 are chosen, the total length of the network routing path
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will increase to some extent. It leads to an increase in the average energy consumption of sensor nodes, which
further results in energy unbalance for the whole network. On the contrary, the neighbor node pre-screening
mechanism mentioned in this paper can filter out both nodes that lie beyond the preset communication
range and those within the range that are deemed unsuitable for interaction, such as nodes j2 and j3. In
summary, the introduction of the neighbor node pre-screening mechanism can effectively avoid invalid
information interaction among nodes during the network initialization phase, which largely reduces energy
consumption. ◻

4.2 Route Discovery Mechanism Based on Improved Heuristic Function
In WSNs, routing metrics play a critical role in determining the next hop. Traditional ant colony

algorithms typically rely solely on inter-node distance as heuristic information, which often leads to energy
imbalance and local optimum issues. To establish a more intelligent and balanced routing mechanism, a
multi-dimensional routing metric that comprehensively considers three key factors (namely distance, angle,
and energy) is presented, thus enabling a holistic evaluation of candidate path quality.

Consider a practical scenario where a sensor node needs to select the next hop from multiple candidate
nodes. As shown in Fig. 6, when node A needs to transmit data to the Sink, it has three candidate next hops,
B, C, and D. In traditional approaches based solely on distance, node B would typically be selected as it is
closest to A. However, B might become an energy hole due to its excessive data forwarding tasks. Under our
composite metric framework, the selection process becomes more sophisticated: while node B has the best
distance factor, node C has a more favorable angular position relative to the Sink (smaller θsi j), and node
D possesses significantly higher residual energy. The comprehensive evaluation of these three dimensions
ensures the selection of a holistically optimal candidate, rather than one that is merely geographically optimal.

Figure 6: An illustrative scenario of multi-factor routing decision.

This composite routing metric mechanism comprises three core elements: the distance factor Eta(i , j),
which reflects communication energy consumption by calculating the reciprocal of inter-node distance,
thereby promoting the establishment of energy-efficient transmission paths; the angle factor θsi j which
evaluates the directional deviation of candidate nodes relative to the Sink, thus effectively preventing detours
during data transmission; and the energy factor EF which dynamically assesses nodes’ load capacity by
comparing their residual energy with predicted consumption, thus preventing the formation of energy
hotspots. These three elements work in concert to guide routing selections toward achieving minimal energy
consumption, optimal directionality, and the most balanced load distribution.
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Based on this composite routing metric mechanism, this paper refines and restructures the heuristic
function of the traditional ant colony algorithm into a new form that incorporates distance, angle, and
energy factors.

However, it is crucial to note that the three components—distance, angle, and energy—possess fun-
damentally different numerical scales. If used as raw values, the factor with the largest absolute value may
dominate the heuristic calculation, significantly reducing the intended multi-factor balance. To address this
issue, we employ Min-Max normalization within the current feasible candidate set (denoted as Allow) to
map all three metrics into a uniform dimensionless scale of [0, 1].

Furthermore, instead of using the raw angle θsi j, we utilize cos(θsi j). Since the pre-screening mecha-
nism strictly limits the angle to θsi j < 90○, a smaller angle (indicating a better directional alignment toward
the Sink) naturally yields a larger cosine value approaching 1, which strictly aligns with the positive feedback
requirement of the routing probability.

For any candidate node j in Allow, the normalized factors are calculated as follows:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Norm (ni j) =
ni j −min(n)

max(n) −min(n) + ε

Norm (Angl ei j) =
cos(θsi j) −min(cos(θ))

max (cos(θ)) −min (cos(θ)) + ε

Norm (EFj) =
EFj −min(EF)

max (EF) −min (EF) + ε

(17)

where ni j denotes the reciprocal of the distance between node i and j, ε is a remarkably small constant
introduced to prevent division by zero, and min(.) and max(.) represent the extreme values within the current
Allow set.

Consequently, the improved heuristic function is strictly governed by the designated weight parameters,
defined mathematically below:

ni j(t) = [Norm (ni j)]α × [Norm (Angl ei j)]β × [Norm (EFj)]γ (18)

α denotes the weight of the distance decision factor; β denotes the weight of the angle decision factor; and
γ denotes the weight of the energy decision factor. The improved heuristic function incorporates energy
and angle factors, which guides the path selection towards paths that consist of energy-rich nodes and have
shorter geometric lengths. It directly promotes load balancing and extends network lifetime. To determine
the weighting parameters, the settings of the distance and energy weights, α and γ, were informed by
the energy-efficient Ant Colony System presented by Xia et al. [9], which highlights the importance of
jointly considering transmission distance and energy status in WSN routing. Since the angle factor is newly
incorporated into the heuristic function of ELRAC, its weight β cannot be directly adopted from the above
study. Therefore, the final values of α, β, and γ were determined through the parameter sensitivity analysis
presented in Section 6.2.7, based on the overall trade-off among network lifetime, packet delivery, energy
efficiency, and routing stability.

4.3 Dynamic Replenishment-Based Pheromone Update Mechanism for Routing
In this section, a new pheromone update mechanism is proposed to guarantee reasonable positive

feedback by supplementing and volatilizing the pheromones on the path to different degrees. Meanwhile,
it can also avoid premature convergence of the algorithm caused by premature pheromone accumulation
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and reduce the risk of route exploration failing to reach the global optimum. To be specific, the pheromone
update approach can be denoted by the following expression,

tau (i , j) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

(1 − Rho1) × tau(i , j) + Ptau(i , j), Ptau(i , j)! = 0
(1 − Rho2) × tau(i , j), Ptau(i , j) = 0
(1 + Rho3)r i × tau(i , j), tau(i , j) < Tmin

(19)

where tau(i , j) denotes the pheromone concentration from node i to node j, Ptau(i , j) denotes the
pheromone increment from node i to node j after one round of path exploration iteration, Rho1 denotes
the pheromone volatilization rate factor in case that the pheromone increment is not zero, Rho2 denotes
the pheromone volatilization rate factor in case that the pheromone increment is zero; Tmin denotes the set
minimum pheromone threshold, Rho3 denotes the pheromone concentration replenishment rate between
nodes after the pheromone concentration falls below the minimum threshold. Assume ri denotes the number
of pheromone replenishments, defined as follows,

ri = randi(Min, Max) (20)

where randi(⋅) is a random number function, Min denotes the set minimum threshold for the num-
ber of pheromone replenishments, and Max denotes the set maximum threshold for the number of
pheromone replenishments.

The key is the third case in Eq. (19): if tau(i , j) < Tmin, then tau(i , j) = (1 + Rho3)r i × tau(i , j). Since
Rho3 > 0 and ri ≥ 1, (1 + Rho3)r i > 1. It ensures no pheromone trail ever decays to zero permanently. Thus,
all edges maintain a non-zero probability of being explored, preventing the algorithm from completely
abandoning any potential path and succumbing to local optima.

5 Load Balancing Energy Efficient Routing Protocol Based on Ant Colony Algorithm
In this section, an Energy-efficient Load-balanced Routing algorithm based on Ant Colony (ELRAC)

optimization for WSNs is proposed in this section. The detailed algorithmic description of the implementa-
tion process for each stage of route construction is presented below.

5.1 Overview of Protocol
The algorithm mainly consists of three phases, namely the network initialization phase, the route

discovery phase, and the pheromone update phase, respectively. In the network initialization phase, a
hierarchical network model and the angle factor are utilized to pre-screen the neighboring nodes, with
the aim to avoid invalid information interaction among sensor nodes and save the energy consumption.
In the route discovery phase, the heuristic function is improved by combining both the residual energy of
the nodes and the exploration angle, which is used to select the most suitable next hop. In the pheromone
update phase, the improved pheromone update approach alleviates premature convergence and mitigates the
local optimum problem in the route discovery phase, further guaranteeing the energy balance of the whole
network. To be specific, the algorithm of ELRAC is listed as shown in Algorithm 1.

Algorithm 1: ELRAC pseudocode
INPUT: M: Ant collection, N:Collection of sensor nodes
OUTPUT: Find the optimal route from the source node to the destination node
1: Initialize network model related parameters
2: while ¬ Reach the maximum number of iterations do

(Continued)
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Algorithm 1 (continued)
3: Initialize the ant’s path information table
4: for mi ← 1 to M do
5: for ni ← 1 to N do
6: Calculate the pre-screening range of neighboring nodes in the ant route exploration process,

go to Algorithm 2
7: Calculate the selection probability of the node, select the next hop of the route and go to

Algorithm 3
8: end for
9: end for
10: Calculate path length: Lengthi
11: Update the pheromone on the routing path to Algorithm 4
12: Reinitialize the path information table to empty
13: Number of iterations plus one
14:end while

5.2 Details of ELRAC
5.2.1 Network Initialization Phase

In the traditional ant colony routing algorithm, when the next hop node is selected, information
interactions are made with other nodes to obtain information, such as node distance and node energy.
However, most of these interactions are ineffective, owing to the large energy consumption of the nodes. To
address this problem, a neighbor node pre-screening algorithm is proposed in this paper. To be specific, the
candidate set of nodes to be visited is determined firstly based on the sequence of nodes already visited by the
ant. Then the candidate nodes are screened by combining the node’s hierarchical region code and the angle
factor, eliminating those that do not meet the communication range or angle conditions. If the candidate set
is empty, the communication range is adaptively expanded. Through this process, it effectively reduces the
invalid information interactions between nodes, thereby minimizing extra energy consumption during the
network initialization phase. The details are described in Algorithm 2.

Algorithm 2: Neighborhood node pre-screening pseudocode
INPUT: Table: Ant’s path information table, D(i, j): Network node distance information table,
Locate: Node area code information table, Nodeindex: Node Sequence, Radiu: Network grading distance
information table
OUTPUT: Find the set of nodes to be visited by ants
1: Calculate the set of nodes to be visited by ants: Visited = Tabl e(mi , 1∶ (ni − 1))
2: Compute the set of unvisited nodes of ants: Al lowNode =∼ ismember(Nodeindex , Visited)
3: for zi ← 1 to N do
4: Get the current node: CurrentNode = Tabl e(mi , ni − 1)
5: Get the node’s level number: BlockNum = Locate (CurrentNode)
6: Calculate the angle factor according to the angle factor formula: θ
7: if θ >= 90 ∣∣ D(CurrentNode, zi) > Radiu(BlockNum) do
8: Settings the set of unvisited nodes of ants: Al lowNode(zi ) = 0
9: end if
10: end for

(Continued)
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Algorithm 2 (continued)
11: if the set of unvisited nodes of ants is null do
12: Increase the access radius, as in the above step to reacquire the generation access node combination

of ants
13: end if
14:Get the set of unvisited nodes of ants: Al low = Nodeindex(Al lowNode)

In Algorithm 2, the neighbor node pre-screening process primarily involves node set operations and
conditional judgments in terms of time complexity. The algorithm first computes the sets of visited and
unvisited nodes, through an operation with a time complexity of O(N). It then iterates through each node
in the network, performing distance calculations, angle factor computations, and communication range
condition checks. This loop executes N times, resulting in a time complexity of O(N). In terms of space
complexity, the algorithm needs to maintain the sets of visited and unvisited nodes, each occupying O(N)
space, while also storing temporary variables required for angle factor calculations, leading to a space
complexity of O(N). In summary, Algorithm 2 has a time complexity of O(N) and a space complexity of
O(N).

5.2.2 Routing Discovery Phase
Traditional ant colony-based routing suffers from the local optimum problem and energy imbalance

due to its reliance on a single heuristic factor. Our solution tackles this issue by refining the node transition
probability formula P(k) to incorporate a multi-dimensional heuristic. By integrating factors for node
energy, distance, and angle into the route discovery process, the algorithm achieves intelligent, load-balanced
next-hop selection, leading to more energy-efficient and globally optimal paths. The routing discovery
process iterates through all candidate nodes in the allowable set. For each candidate node, the distance factor,
directional factor cos(θ), and energy factor are calculated. Candidates with insufficient energy are excluded
from the candidate set. Then, the distance, directional, and energy factors are normalized within the current
candidate set before calculating the node transition probability P(k). This normalization prevents any single
factor from dominating the heuristic function due to inconsistent numerical scales. The next hop is then
selected through the roulette wheel method. The detailed procedure is described in Algorithm 3. To be
specific, the specific description is described by the pseudo-code as shown in Algorithm 3.

Algorithm 3: Routing discovery pseudocode
INPUT: Allow: the set of candidate nodes after pre-screening; Table: ant path information table; mi :
current ant index; ni : current path-position index
OUTPUT: Get the routing path information after an iteration is completed
1: for k← 1: length(Allow) do
2: Calculate the distance factor, directional factor cos (θsi j), and energy factor EF for Allow(k)
3: Exclude Allow(k) from the candidate set if EF ≤ 0
4: end for
5: Normalize the distance, directional, and energy factors within the current candidate set
6: for k← 1: length(Allow) do
7: Calculate the transfer probability of node Allow(k) based on the improved node transfer

probability formula: P(k)
8: end for

(Continued)
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Algorithm 3 (continued)
9: Determine the next hop of the route according to the roulette method: Target
10: Add the next-hop node to the path information table: Tabl e (mi , ni) = Target
11: if the next hop is the target node do
12: Return the current routing path and terminate the current route discovery process
13: end if

In terms of time complexity, Algorithm 3 needs to traverse the candidate node set and calculate the angle
factor, energy factor, and transition probability for each candidate. In the worst-case scenario, the candidate
node set includes all network nodes, with a scale of O(N), so the loop’s time complexity is O(N). The roulette
wheel selection mechanism requires constructing a cumulative probability distribution and performing
random selection, with a time complexity also of O(N). In terms of space complexity, the algorithm needs to
store data, with a total space requirement of O(N). Additionally, the algorithm must maintain routing path
information, with a space complexity of O(N). Overall, Algorithm 3 has a time complexity of O(N) and a
space complexity of O(N).

5.2.3 Pheromone Update Phase
The pheromone update phase consists of two stages, namely the pheromone increase stage and the

pheromone volatilization stage. The former adopts the path-pheromone accumulation method in the
traditional ant colony algorithm, and the latter adopts the pheromone dynamic replenishment mechanism
for the secondary pheromone update. In this paper, a pheromone dynamic replenishment mechanism
is proposed to avoid suboptimal routes. It enhances the standard two-stage process, namely comprising
pheromone augmentation and volatilization, by incorporating an adaptive replenishment step. The mecha-
nism first performs path-specific pheromone reinforcement based on route quality. It then applies controlled
global evaporation to prevent stagnation. Crucially, a dynamic replenishment operation is triggered when
pheromone levels on any edge drop below a minimum threshold Tmin, reintroducing a moderated amount
of pheromone to sustain path diversity. This process not only preserves the positive feedback inherent in
the original ant colony optimization but also prevents the route exploration from becoming trapped in local
optima by augmenting it with a dynamic replenishment mechanism. Specifically, the details are described
by the pseudo-code in Algorithm 4.

Algorithm 4: Pheromone update pseudocode
INPUT: Tau: Path pheromone matrix; Table: Ant path information table; Length: Routing path length;
Ptau: Pheromone increment; Rho1, Rho2: Pheromone evaporation rates; Rho3: Pheromone replenishment
rate; Tmin: Minimum pheromone threshold; Min, Max: Bounds of replenishment times
OUTPUT: Perform updates of pheromones on the path
1: for mi ← 1 to M do
2: for ni ← 2 to N do
3: i = Tabl e (mi , ni−1), j = Tabl e (mi , ni)
4: if edge (i, j) belongs to the routing path of ant mi do
5: Tau(i, j) = (1-Rho1) × Tau(i, j) + Ptau(i, j)
6: end if
7: end for
8: end for
9: for i ← 1 to N do

(Continued)
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Algorithm 4 (continued)
10: for j ← 1 to N do
11: if Ptau(i, j) = 0 do
12: Tau(i, j) = (1-Rho2) × Tau(i, j)
13: end if
14: if Tau(i, j) < Tmin do
15: ri = randi(Min, Max)
16: Tau(i, j) = (1 + Rho3)r i × Tau(i, j)
17: end if
18: end for
19: end for

5.3 Time Complexity Analysis
For Algorithm 4, in terms of time complexity, the first phase of path pheromone enhancement traverses

the path information of all ants. The outer loop iterates through M ants, while the inner loop traverses the
path nodes, with a maximum path length of N , resulting in a time complexity of O(M ⋅ N). The second
phase of global pheromone evaporation traverses all N × N elements of the pheromone matrix, with a time
complexity of O (N2). In terms of space complexity, the algorithm primarily relies on the pheromone matrix,
which has a size of N × N , resulting in a space complexity of O(N2). Additionally, the algorithm needs to
store path length information and temporary computation variables, but the auxiliary space requirement for
these is O(M ⋅ N). Taking all factors into consideration, Algorithm 4 has a time complexity of O(N2 +M ⋅
N) and a space complexity of O (N2).

To evaluate the practical feasibility of ELRAC in resource-constrained wireless sensor networks,
this section provides a theoretical analysis of its computational efficiency from both time and space
complexity perspectives.

The main algorithm consists of T rounds of iterations, each requiring three operations: neighbor pre-
screening, route discovery, and pheromone update. In the pre-screening phase, Algorithm 2 has a time
complexity of O(N) for each execution. Since Algorithm 1 invokes Algorithm 2 inside the inner loop over ni
for each of the M ants, the pre-screening cost in each round is O(M ⋅ N2). During route discovery, under the
worst-case scenario where the candidate set size is N , each ant requires N transfer probability calculations
and roulette wheel selections, leading to a per-round time complexity of O(M ⋅ N2). The pheromone update
operation involves traversing all edges, with a complexity of O(N2). Since the M ⋅ N2 term is typically
dominant, the overall time complexity can be expressed as O(T ⋅M ⋅ N2).

Regarding space complexity, the algorithm maintains four primary data structures in memory: an
M × N table storing ant path information, an N × N symmetric matrix recording inter-node distances,
an N × N matrix preserving edge pheromone concentrations, and auxiliary vectors for energy, angle,
and hierarchy parameters, each of length N . This configuration results in a total space complexity of
O(N2 +M ⋅ N).

6 Experiments and Results Analysis
In this section, the superiority of our proposal is validated through extensive simulations across three

key metrics: (1) network lifetime, (2) throughput, and (3) energy consumption. Three network scenarios are
considered: (a) n = 600 with a topology range of 250 m × 250 m × 10 m, (b) n = 800 with a topology range
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of 300 m × 300 m × 10 m, and (c) n = 1000 with a topology range of 350 m × 350 m × 10 m. The statistical
validation, ablation study, and parameter sensitivity analysis are conducted under the 800-node scenario.

6.1 Experiment and Parameters Settings
The simulation was conducted based an AMD Ryzen™ 9 5900HX CPU @ 3.30 GHz. Java 8 was employed

as the programming language for the experiments. The initial energy of each node was set to 0.5 J, and the
minimum energy threshold was defined as 0.05 J. The size of each data packet was configured to 3000 bits.
ε f s was 10 pJ/bit/m2, εmp was 0.0013 pJ/bit/m4, and Eel ec was 50 nJ/bit. The energy consumption for data
aggregation was assumed to be 5 nJ/bit.

For convenience, all parameters used in the simulation are summarized in Table 2.

Table 2: Simulation parameters.

Parameters Values

Network size
250 m × 250 m × 10 m
300 m × 300 m × 10 m
350 m × 350 m × 10 m

Size of package l Initial energy of nodes 3000 bits 0.5 J
Energy consumed per bit to send or receive Eel ec 50 nJ/bit
Energy consumption of free space amplifier ε f s 10 pJ/bit/m2

Energy consumption of multipath amplifier εm p 0.0013 pJ/bit/m4

Energy consumption of aggregation Ed a 5 nJ/bit
Distance threshold for information transmission d0 87

6.2 Results Analysis
6.2.1 Evaluation in Network Lifetime

In this section, the network lifetime, which is defined by the time of the First Node Dead (FND), that
of Half of Node Dead (HND) and that of All Node Dead (AND), is adopted as a main metric to compare the
performance between our proposal and other protocols.

Fig. 7 illustrates the relationship between the number of rounds and the number of dead nodes for
different protocols. In addition, Fig. 8 compares the FND, HND, and AND of each protocol. It can be
observed that ELRAC maintains a relatively smooth increase in the number of dead nodes during the main
working period of the network. Compared with LEACH, ELRAC avoids the rapid collapse after the first
node death and maintains a much longer effective operation period. Compared with GWOA-CH, ELRAC
obtains better FND and HND in the repeated simulations, although its AND is close to that of GWOA-CH
rather than absolutely dominant. This indicates that ELRAC is more effective in maintaining useful network
operation instead of only delaying the death of the last few residual nodes.

The improvement of ELRAC in network lifetime is mainly attributed to the joint effect of the energy
factor and the angle factor. The energy factor prevents low-energy nodes from being repeatedly selected as
forwarding nodes, while the angle factor reduces detoured forwarding and guides packets toward the Sink.
Therefore, ELRAC can alleviate local energy holes and achieve a more balanced energy consumption process.
Although R-LEACH may show a better HND in some scenarios due to residual-energy-based cluster-head
rotation, its data delivery performance is lower than that of ELRAC. Thus, ELRAC achieves a better trade-off
between network lifetime and effective data transmission.



20 Comput Mater Contin. 2026;89(3):94

Figure 7: Comparisons on the number of dead nodes. (a) n = 600, 250 m × 250 m × 10 m; (b) n = 800,
300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

Figure 8: Comparisons on the network lifetime in terms of FND, HND, and AND. (a) n = 600, 250 m × 250 m × 10 m;
(b) n = 800, 300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

6.2.2 Evaluation in Throughput
In this paper, the throughput is defined as the amount of data received by the Sink in each round. The

performance comparisons among different protocols are presented in the following three metrics: (1) packets
received by the Sink, refers to the total amount of data received by the Sink from the beginning of network
operation until the i-th round; (2) the network throughput, indicates the amount of data received by the
sink node during the single round of the i-th round; and (3) the average network throughput, represents the
average per-round transmission performance from the 1st round to the i-th round.

Fig. 9 illustrates the total number of packets received by the Sink. It can be readily observed that ELRAC
achieves the best packet delivery performance among the compared protocols under all tested network scales.
Compared with LEACH and R-LEACH, ELRAC delivers substantially more packets to the Sink, and it also
maintains a clear advantage over GWOA-CH. This indicates that ELRAC can keep more effective forwarding
paths during network operation and improve the overall data collection capacity. This is mainly because
the Energy Factor (EF), Angle Factor, and pheromone information jointly guide route selection, while the
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neighbor pre-screening mechanism reduces ineffective forwarding candidates. Consequently, more packets
can be delivered to the Sink under the same network configuration.

Figure 9: Comparisons on the number of packets received by the Sink. (a) n = 600, 250 m × 250 m × 10 m;
(b) n = 800, 300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

Fig. 10 illustrates the per-round throughput of different protocols. The throughput of LEACH and
R-LEACH declines rapidly after a short stable period, while GWOA-CH remains relatively stable before
gradually decreasing. In contrast, ELRAC starts with the highest initial throughput and then decreases
over time. This is because ELRAC activates more forwarding nodes and establishes more effective routes in
the early stage, which improves data collection but also causes faster energy consumption. As dead nodes
increase, the number of available forwarding nodes decreases, and the throughput curves of all protocols
gradually decline. Nevertheless, ELRAC still maintains a higher throughput than the benchmark protocols
during most of the effective working period.

Figure 10: Comparisons on the throughput per round. (a) n = 600, 250 m × 250 m × 10 m; (b) n = 800,
300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

Fig. 11 illustrates the average throughput of different protocols. It can be seen that ELRAC achieves the
highest average throughput in most rounds, followed by GWOA-CH, R-LEACH, and LEACH. Although the
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high-throughput advantage of ELRAC gradually weakens in the later stage, its average throughput remains at
a relatively high level for a longer period. This result further confirms that the proposed routing strategy can
improve not only the instantaneous throughput, but also the long-term data collection performance of the
network. Moreover, the dynamic pheromone update mechanism helps adjust forwarding paths when some
nodes consume energy rapidly, thereby avoiding long-term dependence on a few high-quality nodes.

Figure 11: Comparisons on the average throughput. (a) n = 600, 250 m × 250 m × 10 m; (b) n = 800,
300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

6.2.3 Energy Consumption
Fig. 12 presents the percentage of total energy consumed by different protocols. Experimental results

indicate that the energy consumption of all protocols increases with the progression of rounds, while the
growth rate gradually slows down after more nodes become dead. This is because the number of active nodes
decreases in the later stage, reducing the amount of sensing, receiving, and forwarding operations.

Figure 12: Comparisons on total energy consumption. (a) n = 600, 250 m × 250 m × 10 m; (b) n = 800,
300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

It can be observed that ELRAC consumes energy faster in the early stage than the other protocols. This
phenomenon is directly related to its higher throughput. Since ELRAC establishes more effective forwarding
paths and allows more nodes to participate in data transmission, more energy is consumed during the main
data collection period. However, this energy consumption is not ineffective consumption; it is converted into
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a larger amount of data received by the Sink. Therefore, the early energy consumption of ELRAC should be
interpreted together with its packet delivery performance.

Fig. 13 illustrates the average energy consumption per round. The average energy consumption of
ELRAC is relatively high at the beginning and then decreases gradually as the network degrades. Compared
with protocols that consume less energy but deliver fewer packets, ELRAC shows a more active data collection
strategy. This result also explains why ELRAC can achieve higher throughput and energy efficiency despite
its higher early-stage energy consumption.

Figure 13: Comparisons on energy consumption per round. (a) n = 600, 250 m × 250 m × 10 m; (b) n = 800,
300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.

6.2.4 Energy Efficiency
In this paper, energy efficiency is defined as the ratio of the number of packets received by the Sink to

the energy consumption of sensor nodes.
Fig. 14 presents the energy efficiency of our proposal and the benchmarks. It can be observed that

ELRAC is lower than GWOA-CH and R-LEACH at the early stage in some scenarios. This is mainly because
ELRAC consumes more energy at the beginning by activating more forwarding nodes and transmitting
more packets to the Sink. Therefore, its early-stage energy efficiency is temporarily affected by the rapid
energy consumption. However, as the network continues to operate, ELRAC gradually achieves the highest
energy efficiency among the compared protocols. Although ELRAC consumes more energy in the early
stage, it also delivers a larger amount of data to the Sink during the effective working period. Therefore, the
early energy consumption is effectively converted into useful data transmission rather than being wasted on
ineffective forwarding.

Figure 14: Comparisons on the energy efficiency of different protocols. (a) n = 600, 250 m × 250 m × 10 m; (b) n = 800,
300 m × 300 m × 10 m; (c) n = 1000, 350 m × 350 m × 10 m.
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The higher energy efficiency of ELRAC benefits from the joint effect of neighbor pre-screening,
energy-aware routing, angle-based guidance, and pheromone update. These mechanisms reduce ineffective
forwarding, avoid excessive use of low-energy nodes, and maintain route diversity. Consequently, ELRAC
can achieve better data delivery under the same energy budget, leading to a higher overall energy efficiency
than the benchmark protocols.

6.2.5 Statistical Validation and Comparison with Recent State-of-the-Art Method
To further verify the stability of the experimental results, each protocol was independently simulated

ten times under the 800-node scenario. The same set of random topology files was used for all compared
protocols to ensure fairness. The mean and standard deviation of the main metrics are reported in Table 3.

Table 3: Statistical comparison with recent state-of-the-art methods under the 800-node scenario.

Algorithm FND (Rounds) HND (Rounds) AND (Rounds) Packets to Sink
(109 bits)

Energy
Efficiency
(106 bit/J)

LEACH 660.0 ± 67.1 907.1 ± 36.2 982.5 ± 28.1 0.726 ± 0.021 2.947 ± 0.019
R-LEACH 125.1 ± 27.1 1793.0 ± 32.8 2901.7 ± 20.1 1.018 ± 0.014 2.545 ± 0.036

GWOA-CH 179.0 ± 30.9 1298.1 ± 15.8 3422.0 ± 170.4 1.164 ± 0.009 2.916 ± 0.023
AEGWO-CH 122.9 ± 16.8 1340.6 ± 14.2 3389.9 ± 157.0 1.143 ± 0.012 2.865 ± 0.031

ELRAC 218.6 ± 23.3 1428.0 ± 40.7 3393.2 ± 94.6 1.687 ± 0.034 4.217 ± 0.084

Table 3 reports the mean and standard deviation of FND, HND, AND, packets received by the Sink,
and energy efficiency. In addition to LEACH, R-LEACH, and GWOA-CH, Adaptive Enhanced Grey Wolf
Optimizer-based cluster-head selection (AEGWO-CH) is included in the table as a recent GWO-based
clustering protocol. Since the time-series curves of AEGWO-CH and GWOA-CH are close under the same
simulation configuration, AEGWO-CH is reported in the statistical table rather than being repeated in every
line figure, so that the readability of the main figures can be maintained.

As shown in Table 3, ELRAC achieves the highest packet delivery and energy efficiency among all
compared algorithms. Compared with GWOA-CH, AEGWO-CH, R-LEACH, and LEACH, ELRAC achieves
consistently higher packet delivery to the Sink under the same 800-node scenario. This result demonstrates
that the proposed routing strategy can maintain stronger data-collection capability while making more
effective use of the available energy resources. In terms of energy efficiency, ELRAC also achieves the best
result because it delivers more useful data under the same initial energy budget. For network lifetime, ELRAC
obtains higher FND and HND than both GWOA-CH and AEGWO-CH, while its AND is slightly lower
than that of the two GWO-based methods. This result indicates that ELRAC focuses on improving effective
data collection and balanced network operation rather than merely extending the death time of the last
remaining nodes.

To further quantify the stability of the simulation results, 95% confidence intervals were calculated
for the ten independent runs. The confidence interval was computed as mean ± 1.96 sigma/sqrt(n), where
n = 10. Table 4 lists the confidence intervals of the compared algorithms.
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Table 4: 95% Confidence intervals over ten random topologies.

Algorithm FND HND AND Packets to Sink
(109 bits)

Energy Efficiency
(106 bit/J)

LEACH 660.0 [618.4, 701.6] 907.1 [884.7, 929.5] 982.5 [965.1, 999.9] 0.726 [0.713, 0.738] 2.947 [2.934, 2.959]
R-LEACH 125.1 [108.3, 141.9] 1793.0 [1772.6, 1813.4] 2901.7 [2889.2, 2914.2] 1.018 [1.009, 1.027] 2.545 [2.523, 2.567]

GWOA-CH 179.0 [159.9, 198.1] 1298.1 [1288.3, 1307.9] 3422.0 [3316.4, 3527.6] 1.164 [1.159, 1.169] 2.916 [2.902, 2.930]
AEGWO-CH 122.9 [112.5, 133.3] 1340.6 [1331.8, 1349.4] 3389.9 [3292.6, 3487.2] 1.143 [1.135, 1.150] 2.865 [2.845, 2.884]

ELRAC 218.6 [204.2, 233.0] 1428.0 [1402.8, 1453.2] 3393.2 [3334.5, 3451.9] 1.687 [1.666, 1.708] 4.217 [4.164, 4.269]

The confidence intervals show that the packet-delivery and energy-efficiency advantages of ELRAC are
stable across different random topologies. Although the AND of ELRAC is close to that of GWOA-CH and
AEGWO-CH, the intervals of packets received by the Sink and energy efficiency are clearly separated from
those of the benchmark protocols.

Two-sided Welch t-tests were further conducted between ELRAC and each baseline protocol. Table 5
reports the corresponding p-values. The results show that ELRAC achieves statistically significant improve-
ments in packet delivery and energy efficiency over all compared protocols. The AND difference between
ELRAC and GWOA-CH or AEGWO-CH is not statistically significant, which is consistent with the obser-
vation that the proposed method emphasizes effective data collection during the useful network lifetime.

Table 5: Welch t-test p-values between ELRAC and baselines.

Baseline vs. ELRAC FND HND AND Packets to Sink Energy Efficiency
GWOA-CH vs. ELRAC 4.89 × 10−3 8.68 × 10−7 0.648 2.44 × 10−13 2.19 × 10−13

AEGWO-CH vs. ELRAC 1.03 × 10−8 4.68 × 10−5 0.955 1.58 × 10−14 1.66 × 10−14

R-LEACH vs. ELRAC 1.80 × 10−7 4.48 × 10−14 2.27 × 10−8 3.48 × 10−16 3.55 × 10−16

LEACH vs. ELRAC 5.36 × 10−10 1.00 × 10−16 6.67 × 10−16 8.72 × 10−21 5.70 × 10−13

6.2.6 Ablation Study
To further verify the effectiveness of the key components in ELRAC, an ablation study was conducted

under the 800-node scenario. Four variants were constructed by removing one component at a time: the angle
factor, the energy factor, the neighbor pre-screening mechanism, and the dynamic pheromone replenishment
mechanism. All variants used the same network configuration and simulation settings as the complete
ELRAC protocol, so that the performance variation could be attributed to the removed component.

Table 6 summarizes the network lifetime and packet delivery performance of the complete ELRAC and
its ablation variants. The complete ELRAC achieves a balanced overall performance. Removing the energy
factor causes the most severe degradation. The FND decreases from 236 to 13 rounds, the HND decreases
from 1374 to 341 rounds, and the total packets received by the Sink decrease by 74.4%. This indicates that
the energy factor is critical for avoiding overloaded forwarding nodes and preventing the formation of
energy holes.

The angle factor also contributes positively to the routing process. Without the angle factor, FND, HND,
AND, and packet delivery all decrease, demonstrating that directional guidance helps avoid detoured or
backward forwarding and improves routing efficiency. Removing the dynamic pheromone replenishment
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mechanism leads to a moderate reduction in HND, AND, and packet delivery, suggesting that this mech-
anism mainly improves long-term route diversity and route maintenance stability rather than dominating
every single routing decision.

Table 6: Ablation study of ELRAC under the 800-node scenario.

Algorithm Removed Component FND HND AND Packets to Sink Packet Change
ELRAC None 236 1374 3251 1,641,602,400 –

w/o Angle Angle factor 188 1182 3072 1,340,979,000 −18.3%
w/o Energy Energy factor 13 341 1128 420,198,000 −74.4%

w/o Pre-screening Neighbor pre-screening 265 1458 3145 1,651,153,800 +0.6%
w/o Replenishment Pheromone replenishment 239 1287 3059 1,525,044,000 −7.1%

Note: Packet change is calculated relative to the complete ELRAC. Positive values in a single run do not necessarily
indicate overall superiority; they should be interpreted together with lifetime, routing overhead, and repeated-run
statistics when available.

The neighbor pre-screening mechanism shows a different effect. Removing it does not always reduce
FND or HND in a single run, because a larger candidate set may occasionally provide more forwarding
choices. However, this comes at a much higher routing-search cost. Therefore, the contribution of the pre-
screening mechanism should be evaluated mainly from routing overhead and computational efficiency rather
than only from lifetime metrics.

Table 7 further verifies the role of the neighbor pre-screening mechanism. After the pre-screening
mechanism is removed, the average candidate size increases from 164.89 to 418.81, corresponding to
approximately 2.54 times the search space. The average candidate evaluations and estimated control-message
exchanges per round also increase by about 2.49 times, while the runtime per round increases by about
2.62 times. These results demonstrate that the neighbor pre-screening mechanism effectively reduces route
discovery overhead and improves computational efficiency.

Table 7: Routing-overhead comparison with and without neighbor pre-screening.

Metric ELRAC w/o Pre-Screening Relative Increase
Avg. candidate size 164.89 418.81 2.54×

Avg. candidate evaluations per round 158,501 395,411 2.49×
Avg. estimated control-message exchanges per round 317,002 790,821 2.49×

Runtime per round 109.55 ms 287.42 ms 2.62×

Overall, the ablation results confirm that the proposed components contribute to ELRAC from different
perspectives. The energy factor provides the strongest contribution to network lifetime and packet delivery,
the angle factor improves directional routing efficiency, the pheromone replenishment mechanism enhances
long-term route maintenance, and the neighbor pre-screening mechanism substantially reduces routing
overhead. The complete ELRAC therefore achieves a more balanced trade-off among network lifetime,
throughput, route diversity, and computational cost.
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6.2.7 Parameter Sensitivity Analysis
To evaluate the influence of key parameters on ELRAC, a parameter sensitivity analysis was conducted

under the same 800-node simulation setting, as summarized in Table 8. In each group of experiments, only
one parameter is varied while the remaining parameters are fixed at their default values. The selected value is
determined according to the overall trade-off among network lifetime, packets received by the Sink, energy
efficiency, and routing stability.

Table 8: Parameter sensitivity analysis of ELRAC.

Parameter Tested Values Selected Value Observation

alpha 1.0, 1.5, 2.0 1.0

A larger alpha increases the influence of
distance-related routing preference; the selected

value should balance short paths and load
distribution.

beta 0.5, 1.0, 1.5 0.5
Controls the contribution of angle-based

directional guidance; an appropriate value helps
avoid detoured or backward forwarding.

gamma 1.0, 2.0, 3.0 2.0
Controls the contribution of residual-energy

awareness; a moderate value helps avoid energy
holes without over-concentrating traffic.

rho 0.01, 0.03, 0.05 0.03
Represents the pheromone evaporation rate; too
small a value may slow adaptation, whereas too

large a value may weaken route memory.

Tmin 0.001, 0.01, 0.05 0.01
Lower bound of pheromone intensity; it
prevents pheromone disappearance and
maintains basic exploration capability.

Number of ants 30, 50, 100 100
More ants increase route exploration but also

increase computational cost; the selected value
should balance performance and runtime.

6.2.8 Computational Overhead Analysis
In addition to packet delivery and energy efficiency, the computational overhead of each algorithm was

evaluated by recording the actual runtime under the same simulation environment. Since different protocols
have different network lifetimes and routing procedures, runtime per round was adopted as a unified
metric for comparison. As shown in Table 9, LEACH and R-LEACH require the lowest runtime because
they rely on relatively simple clustering and forwarding rules. GWOA-CH and AEGWO-CH introduce
swarm-intelligence-based optimization, and therefore require higher computational cost.

As shown in Table 9, LEACH and R-LEACH require the lowest runtime because they rely on relatively
simple clustering and forwarding rules. GWOA-CH and AEGWO-CH introduce swarm-intelligence-based
optimization, and therefore require higher computational cost. ELRAC has the highest runtime among
the compared protocols, mainly because it performs multi-factor route evaluation by jointly considering
distance, forwarding angle, residual energy, neighbor pre-screening, and dynamic pheromone updating.
These operations increase the computational burden during route discovery and route maintenance.
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More importantly, the additional computational cost is accompanied by higher packet delivery and energy
efficiency, as demonstrated in the previous sections. Therefore, ELRAC achieves a reasonable trade-off
between computational overhead and network performance.

Table 9: Runtime comparison of different algorithms.

Algorithm Runtime Per Run Runtime Per Round Relative Runtime Remark
LEACH 274.98 ms 0.2820 ms 1.00× Classical clustering baseline

R-LEACH 532.66 ms 0.1817 ms 0.64× Residual-energy-based clustering
GWOA-CH 5051.17 ms 1.6122 ms 5.72× GWO-based clustering baseline

AEGWO-CH 88283.31 ms 26.1891 ms 92.86× Recent GWO-based baseline
ELRAC 170089.03 ms 49.8795 ms 176.85× Proposed multi-factor ACO routing

7 Conclusions and Future Works
In this paper, an energy-efficient and load-balanced routing protocol, named ELRAC, is proposed for

wireless sensor networks. ELRAC integrates a hierarchical network model, an angle-based neighbor pre-
screening mechanism, a composite heuristic function, and a dynamic pheromone replenishment strategy.
The neighbor pre-screening mechanism reduces ineffective candidate interactions during route discovery,
while the composite heuristic function jointly considers distance, direction, and residual energy to guide
packets toward energy-efficient and load-balanced forwarding paths. In addition, the dynamic pheromone
replenishment mechanism helps maintain route diversity and alleviates premature convergence. Simulation
results demonstrate that ELRAC achieves better overall performance than the compared protocols in terms
of network lifetime, packet delivery, throughput, and energy efficiency.

In future work, we will further improve the computational efficiency of ELRAC and evaluate its
scalability in larger and denser WSN scenarios. We will also investigate adaptive parameter tuning strategies
to reduce manual parameter selection and improve the adaptability of the protocol. Moreover, integrating
simultaneous wireless information and power transfer (SWIPT) and UAV-assisted sensing/data collection
will be explored to enhance the sustainability and applicability of ELRAC in mobile and dynamic next-
generation IoT scenarios.
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