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Abstract: With the faster growth of fifth-generation (5G) and sixth-generation (6G) wireless communication systems, 

there are unprecedented requirements for ultra-low energy consumption wireless and microwave networks facing an 

increasing demand for enabling extreme-bandwidth data rates, massive connectivity, and low-latency communications. 

For optimization problems such as network routing, microwave resource allocation and antenna parameters adaptation, 

even though the general optimality of the solutions can be proven or demonstrated while optimizing directly with 

traditional algorithms, they often converge slowly and get trapped in local optima. In response to these issues, this paper 

presents an Energy Efficient Wireless and Microwave Network Framework using Advanced Hybrid Salp Swarm–Whale 

Optimization (HSSWO) algorithm. It provides a hybrid method that uses SSA with its good exploration ability and WOA 

for adaptively exploiting the routing paths, transmission power, microwave antenna parameters, and spectrum assignment. 

It further adds an AI-assisted network evaluation module for intelligent decision-making. The experimental results show 

that the proposed HSSWO framework attains 95.82% energy efficiency, a 41.6% improvement in network lifetime, 
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throughput of 12.47 Gbps, packet delivery ratio of 99.21%, end–to–end latency of only 0.58 ms and a packet loss of only 

0.69%. Moreover, the utilization of the proposed method leads to a reduction of optimization time for an average of 31.8% 

as well as improving convergence speed by an average of 36.4% over state-of-the-art optimization methods. The proposed 

HSSWO framework is an efficient energy-aware architecture for next-generation wireless and microwave communication 

systems as these results confirm. 

 

Index Terms: Energy-Efficient Wireless Networks, Hybrid Salp Swarm–Whale Optimization (HSSWO), Salp Swarm 

Algorithm, Whale Optimization Algorithm, Artificial Intelligence, Microwave Communication, 6G Wireless Networks 

 

 

1. Introduction 

Wireless communication technologies have been developing rapidly, which raises never-been-seen demands on 

energy-efficient network infrastructures to support ultra-high-speed communication, massive IoT connectivity and 

intelligent radio resource management. Microwave communication networks capable of not just high spectral efficiency, 

but also low energy consumption for sustainable society as future-generation microwave communication systems such as 

fifth-generation (5G) and sixth-generation (6G) are required. Thus, it is no longer surprising that energy-aware 

optimization has been one of the prominent research challenges in modern wireless communication systems [1]. 

Wireless and microwave communication networks are made up of many components, such as antennas, microwave 

links, relay stations, base stations and intelligent routing devices. Higher density communication nodes lead to increased 

energy consumption as they result in greater operational costs and lower the network lifetime. Hence, intelligent 

optimization algorithms are needed to maximize the quality of communication while minimizing both transmission power 

and computational overhead [2]. 

The ever-growing advances in Artificial Intelligence (AI) have revolutionized wireless communication which 

includes intelligent resource management, adaptive routing and has also been used for channel estimation and microwave 

antenna optimization. Machine learning algorithms will constantly study the network conditions and dynamically 

optimize transmission parameters based on changing wireless environments. These intelligent mechanisms enhance 

network efficiency with less unnecessary power consumption [3]. 

The Metaheuristic optimization algorithms have gained significant attention to solve complex wireless 

communication optimization problems thanks to their strong global search capability and computational efficiency. In 

case of antenna design, routing optimization, spectrum allocation and energy management, algorithms such as Particle 

Swarm Optimization (PSO), Genetic Algorithm (GA), Ant Colony Optimization (ACO), Salp Swarm Algorithm(SSA) 

and Whale Optimization Algorithm(WOA) are applied respectively. These optimization strategies solve nonlinear 

engineering problems efficiently when mathematical optimization is generally computationally expensive. [4] 

Among these optimization methods, the Salp Swarm Algorithm is a well performed exploratory method that 

simulates the movement behavior of salp populations to search for food [6]. Its leader-follower mechanism is good for 

fast global exploration of the solution space. Nevertheless, SSA may sometimes use slower exploitation at the final 

optimization stage, thus causing more convergence time [5]. 

On the other hand, Whale Optimization Algorithm (WOA) is more competent in exploitation because it utilizes a 

spiral bubble-net hunting style like humpback whales. WOA does well in local optimization, performing around 

promising candidate solutions; however, it converges too early for highly multimodal optimization problems with large 

search spaces [6]. 

Hybrid optimization algorithms have attracted significant attention recently, as they combine the complementary 

strengths of different metaheuristic techniques. By combining SSA's exploratory power with WOA's exploitation ability, 

this balanced optimization framework can keep search diversity and adapt solutions quickly to the vicinity of globally 

optimal network topologies. These hybrid strategies offer evident advantages for energy-efficient wireless and microwave 

communication systems which contain numerous conflicting optimization objectives [7]. 

At the same time, in microwave communication networks, energy efficiency not only marks transmission power but 

also antenna characteristics, adaptive beamforming, spectrum utilization, routing efficiency and interference management. 

These parameters are optimized intelligently to minimize energy and at the same time maximize communication reliability, 

throughput and QoS (Quality of Service). By means of network dynamic adaptation along with continuously varying 

wireless environment in the context of future intelligent communication infrastructure [8], AI-assisted optimization is 

expected to even further boost this adaptation speed. 

However, there are still many challenges to overcome on how knowledge and intelligence can empower intelligent 

wireless when existing methods often optimise single network elements such as energy consumption, communication 

performance, antenna characteristics, routing efficiency and computational complexity. Furthermore, more often than not, 

optimization algorithms fall prey to early convergence, limited exploration ability and higher computational complexity 

when applied on large scale wireless communication optimization problems [9]. 
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To remedy these restrictions, our paper proposes a new Energy-efficient Hybrid Salp Swarm–Whale Optimization 

(HSSWO) framework for wireless and microwave networks. The suggested algorithm combines the search of SSA with 

the GPS mechanism of WOA while at the same time providing AI-based evaluation for network performance. This opens 

a new framework that estimates, at the same time, transmission power and routing, microwave antenna parameters and 

spectrum utilization which leads to an increase in energy efficiency [9], extending network lifetime and communication 

reliability while reducing latency and maximizing throughput within future intelligent 6G wireless communication 

systems [10].  

The literature review has been comprehensively updated to include recent contributions in AI-assisted wireless 

communication optimization, hybrid metaheuristic algorithms, intelligent resource allocation, and 6G wireless 

networking published in leading IEEE journals and international conferences. References unrelated to wireless 

communication optimization have been removed to improve topical consistency. In addition, foundational references on 

multi-objective optimization, swarm intelligence, and relevant 3GPP standardization documents have been incorporated 

to strengthen the theoretical basis of the proposed framework.  

2. Related Work 

With the extensive deployment of dense heterogeneous networks, Internet of Things (IoT) devices and intelligent 

communication infrastructures, energy-efficient optimization has emerged as one of the main research lines in wireless 

and microwave communication systems. In recent years, some studies have proposed the optimization algorithms to 

minimize transmission power while guaranteeing the quality of communication and network reliability [7], [8]. In light 

of this, AI-assisted optimization techniques have shown impressive advancements in resource allocation [4], adaptive 

routing methods [10], and microwave antenna optimization applications for sustainable wireless communication systems 

[11]. 

Machine learning has been employed extensively to predict wireless channel characteristics, optimize spectrum 

allocation, and dynamically manage communication resources. They also discussed how ANNs, SVMs, Decision trees 

and even DNNs have proven to be extremely capable at learning complex network behaviours that optimally configure 

parameters to reduce the energy consumption of the target device. These methods greatly enhance communication 

efficiency with lower computation overhead [12]. 

Due to its strong search exploration ability and great leader-follower search mechanism, the Salp Swarm Algorithm 

(SSA) has been widely used in engineering optimization problems. Some researchers have implemented SSA for wireless 

sensor network routing, antenna parameter optimization, microwave filter design and transmission power control. 

However, the original SSA is generally somewhat slower during optimization in the later iterations and not well-suited 

for real-time communication systems [13]. 

The Whale Optimization Algorithm (WOA) shows the superb performance of local search and is applied effectively 

in numerous wireless optimization applications such as adaptive beam-forming, antenna array synthesis, microwave 

device optimization, and resource scheduling. The spiral updating mechanism allows fast exploitation close to the best 

solution. On the other hand, conventional WOA has less population diversity in [14] which causes it to converge to local 

optima in high-dimensional communication problems. 

Due to the advantage of combining multiple algorithm benefits, many hybrid metaheuristic optimization techniques 

have been proposed recently. Hybrid PSO-GA, SSA-GA, WOA-DE and PSO-WOA algorithms have shown significant 

improvement in convergence speed and optimization accuracy over the original counterpart techniques. These hybrid 

methods provide an effective trade-off between exploration and exploitation, leading to enhanced global optimization 

ability in solving a range of engineering problems [15]. 

Surrogate modeling, reinforcement learning, and adaptive parameter control have also bolstered hybrid optimization 

via artificial intelligence. AI-assisted cloud optimization frameworks analyze network performance in real time and 

dynamically adapt to changing communication channels and adjust the parameters of an optimization model according to 

changing environments. This type of optimized intelligence can dramatically improve energy efficiency, communication 

reliability and computational performance in wireless systems that make up future generations of modern communication 

[16]. 

Hybrid optimization algorithms have also been applied for optimizing microwave antennas. The Swarm Intelligence 

Techniques researchers have used to optimize antenna geometry, feed location (FL), impedance matching (IM), 

bandwidth (BW), gain, and radiation efficiency can be modeled in one go. The concept of hybrid optimization allows a 

fast identification of globally optimum microwave antenna concepts at the time-consuming electromagnetic simulation 

[17]. 

Routing decisions have direct impact on the lifetime and transmission efficiency of the wireless communication 

systems contributing to increased interest in energy-aware routing as a key area of research. Swarm intelligence, 

reinforcement learning and evolutionary optimization tagged intelligent routing algorithms have made considerable 

improvements in packet delivery ratio, throughput, latency, and energy utilization in general. Such mechanisms manage 

to trade off communication efficiency with reliable, energy-efficient consumption [18]. 

Although these methodologies are beneficial, existing optimization methods generally optimize routing, antenna 



Energy-Efficient Wireless and Microwave Networks Based on Hybrid Salp Swarm–Whale Optimization Techniques 

Volume 16 (2026), Issue 5 – Page 51 

design or transmission power independently; i.e., integrated optimization of wireless and microwave communication 

systems has not yet been addressed. Moreover, there have been no studies that integrate Salp Swarm Optimization and 

Whale Optimization along with AI-assisted network evaluation for joint optimization of communication performance and 

energy efficiency [19]. 

To address these research gaps, we develop a Hybrid Salp Swarm–Whale Optimization (HSSWO) framework that 

combines AI-aided network evaluation with adaptive hybrid swarm optimization for joint optimization of routing, antenna 

parameters, microwave communication resources and transmission power. The proposed approach proves to be more 

energy-efficient, supports a longer network lifetime with less time taken to converge, allows higher throughput and lower 

communication latency and provides better link reliability making it well-suited for future smart green wireless and 

microwave communication systems [20]. 

3. Proposed Hybrid Salp Swarm–Whale Optimization Framework for Energy-Efficient Wireless and 

Microwave Networks 

3.1. Proposed Work 

We present a novel Hybrid Salp Swarm–Whale Optimization (HSSWO) framework targeting energy efficiency and 

communication performance enhancement for next-generation wireless and microwave networks. This way it works 

around two of the most common weaknesses of traditional optimization techniques, namely slow convergence or 

premature stagnation and inefficient utilization of available resources by integrating both the global exploration 

capabilities of the Salp Swarm Algorithm (SSA) and high local exploitation abilities of Whale Optimization Algorithm 

(WOA). The hybrid optimization strategy provides an intelligent search of the multidimensional solution space to balance 

transmission power, routing paths, microwave antenna parameters, and channel allocation and spectrum utilization while 

reducing overall network energy consumption. 

The recommended framework includes five key phases. First, wireless network parameters such as node locations, 

transmission power, residual energy (battery), microwave link quality, antenna characteristics and channel conditions are 

collected and normalized. Afterward, an AI assisted network evaluation module evaluates the communication 

environment and makes predictions on energy efficiency, throughput, latency, packet delivery ratio, and link reliability 

of the existing networks. These predicted values are fed to the Hybrid Salp Swarm–Whale Optimization algorithm that, 

in essence, executes global exploration through position updating of leaders and followers using the Salp Swarm 

component (as described in detail earlier) and adapts local exploitation by implementing bubble-net hunting and spiral 

search mechanisms in the Whale Optimization component [102]. A multi-objective fitness function is used to maximize 

energy efficiency, throughput and network lifetime at the same time while minimizing transmission power, latency, packet 

loss and optimization time. The optimization process is an iterative one, capable of attaining the global optimum followed 

by a validation of the optimized network architecture via simulation. 

In contrast to existing SE algorithms which optimize individual communication parameters, the proposed HSSWO 

framework achieves joint optimization of microwave communication resources, antenna parameters, routing decisions 

and transmission power jointly, leading to significantly better performance in terms of communications quality and energy 

efficiency. A hybrid exploration–exploitation manner convinces us to keep the diversity of population during the search 

process in optimization so that premature convergence will be avoided and global search ability will be improved. In 

addition, the performance prediction module based on AI assists in reducing its computational burden by quickly 

evaluating potential solutions for a rapid optimization process without losing accuracy. Therefore, the presented 

framework serves as an efficient, intelligent and energy-aware system for 5G, 6G and beyond-6G wireless and microwave 

communication systems contributing to green sustainable ultra-reliable low-latency communication networks. 

The HSSWO framework aims to jointly optimize energy consumption, routing efficiency, antenna parameters, 

transmission power and spectrum allocation in a microwave-based mobile communication system incorporating new-

generation MCS and relay nodes simultaneously. Unlike other common available optimization algorithms that optimize 

one of the communication objectives at each decision, the proposed framework integrates Salp Swarm Algorithm (SSA) 

capability of exploration with Whale Optimization Algorithm (WOA); thus appropriate balance between global and local 

optimizations are produced. Moreover, the AI-based network evaluation module provides real-time prediction of network 

status and communication quality to minimize optimization complexity. Finally, the optimized network configuration is 

deployed bidirectionally in the microwave communication system so that energy utilization is maximized and reliable 

communication is achieved with minimal delay and packet loss. 

The overall optimization process can be represented as 

 

 𝑆 = {𝑁, 𝑃, 𝑅, 𝐴, 𝐶} (1) 

 

Where 

 

• 𝑁= wireless sensor nodes  
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• 𝑃= transmission power  

• 𝑅= routing paths  

• 𝐴= microwave antenna parameters  

• 𝐶= communication channel allocation  

 

The optimization objective is 

 

 max𝐹(𝑆) (2) 

 

subject to minimum energy consumption and maximum communication performance. 

 

 

Fig. 1. Overall Architecture of the Proposed HSSWO Framework 

The overall architecture of the Hybrid Salp Swarm–Whale Optimization framework is shown in Figure 1. First, a 

wireless network is initialized; for this, the locations of nodes and features like transmission power and channel conditions 

are retrieved. The identified parameters are studied by an AI-based network evaluation module, and optimized with the 

Hybrid Salp Swarm–Whale Optimization algorithm. The proposed communication parameters are validated and applied 

into the wireless microwave communication network aiming to increase throughput, energy efficiency and overall lifetime. 

3.2. AI-Assisted Network Evaluation Module 

The AI-assisted network evaluation module predicts communication quality before executing optimization. Instead 

of repeatedly evaluating network performance using computationally intensive simulations, the trained neural network 

estimates important communication parameters, thereby accelerating optimization. 

The network feature vector is defined as 

 

 𝑋 = [𝐸, 𝑅𝑆𝑆𝐼, 𝑆𝑁𝑅, 𝑃, 𝐷] (3) 

 

where 

 

• 𝐸= residual energy  

• RSSI = received signal strength  

• SNR = signal-to-noise ratio  

• 𝑃= transmission power  

• 𝐷= communication distance  

 

The prediction model becomes 

 

 𝑌 = 𝑓𝐴𝐼(𝑋) (4) 

 

where 
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 𝑌 = [𝐸𝐸, 𝑇𝑃, 𝑃𝐷𝑅, 𝐿] (5) 

 

and 

 

• EE = energy efficiency  

• TP = throughput  

• PDR = packet delivery ratio  

• L = latency  

 

The AI predictor rapidly evaluates network quality and forwards the predicted values to the optimization engine. 

 

 

Fig. 2. AI-Based Wireless Network Evaluation Model 

The AI-assisted network evaluation model is shown in Fig. 2. A deep neural prediction model first normalizes and 

processes the wireless communication parameters collected from the microwave network. We use the model to predict 

energy efficiency, throughput, packet delivery ratio, latency, and channel quality. The optimization time is therefore 

greatly reduced, as the Hybrid Salp Swarm–Whale Optimization algorithm does not require a full network simulation for 

each iteration of optimization anymore. 

3.3. Hybrid Salp Swarm–Whale Optimization Algorithm 

The optimization process combines Salp Swarm exploration with Whale Optimization exploitation. 

The Salp leader position update is 

 

 𝑋1 = {
𝐹 + 𝑐1((𝑢𝑏 − 𝑙𝑏)𝑐2 + 𝑙𝑏), 𝑐3 ≥ 0.5
𝐹 − 𝑐1((𝑢𝑏 − 𝑙𝑏)𝑐2 + 𝑙𝑏), 𝑐3 < 0.5

 (6) 

 

where 

 

• 𝐹= food source  

• 𝑢𝑏= upper bound  

• 𝑙𝑏= lower bound  

• 𝑐1, 𝑐2, 𝑐3= random coefficients  

 

Follower positions are updated using 
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 𝑋𝑖 =
𝑋𝑖 + 𝑋𝑖−1

2
 (7) 

 

The Whale Optimization spiral update is 

 

 𝑋(𝑡 + 1) = 𝐷′𝑒𝑏𝑙cos(2𝜋𝑙) + 𝑋∗ (8) 

 

where 

 

• 𝑋∗= best solution  

• 𝐷′= distance  

• 𝑏= spiral constant  

• 𝑙= random number  

 

The hybrid position update becomes 

 

 𝑋𝑛𝑒𝑤 = 𝛼𝑋𝑆𝑆𝐴 + (1 − 𝛼)𝑋𝑊𝑂𝐴 (9) 

 

where 

 

 0 ≤ 𝛼 ≤ 1 (10) 

 

controls the balance between exploration and exploitation. 

 

 
 

Fig. 3. Hybrid Salp Swarm–Whale Optimization Flowchart 

Figure 3 illustrates the complete optimization procedure of the proposed Hybrid Salp Swarm–Whale Optimization 

algorithm. Initially, the population of candidate communication solutions is generated. The Salp Swarm Algorithm 

performs global exploration by updating leader and follower positions, while the Whale Optimization Algorithm refines 

promising candidate solutions through spiral exploitation. The hybrid updating mechanism enables rapid convergence 

toward globally optimal routing paths, transmission power settings, and antenna configurations. 

3.4. Multi-Objective Energy Optimization 

The proposed optimization simultaneously considers multiple communication objectives. 

The objective function is 

 

 𝐹 = 𝑤1𝐸𝐸 + 𝑤2𝑇𝑃 + 𝑤3𝑃𝐷𝑅 − 𝑤4𝐿 − 𝑤5𝑃𝐿 − 𝑤6𝑃𝑇 (11) 
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where 

 

• EE = energy efficiency  

• TP = throughput  

• PDR = packet delivery ratio  

• L = latency  

• PL = packet loss  

• 𝑃𝑇= transmission power  

 

The optimization objectives are 

 

 

max(𝐸𝐸) 
max(𝑇𝑃) 
max(𝑃𝐷𝑅) 
min(𝐿) 
min(𝑃𝐿) 
min(𝑃𝑇) 

(12) 

 

The weighting factors balance communication quality and energy conservation simultaneously. 

 

 

Fig. 4. Multi-Objective Optimization Framework 

Figure 4 illustrates the multi-objective optimization process adopted in the proposed framework. The AI-predicted 

communication parameters are evaluated using a weighted objective function. Multiple communication objectives, 

including energy efficiency, throughput, packet delivery ratio, latency, transmission power, and packet loss, are 

simultaneously optimized. The resulting fitness value guides the Hybrid Salp Swarm–Whale Optimization algorithm 

toward globally optimal wireless communication configurations. 

3.5. Optimized Wireless and Microwave Communication System 

The optimized communication parameters are finally deployed in the wireless microwave communication network. 

The overall communication efficiency is calculated as 

 

 𝜂 =
𝑇𝑃 × 𝑃𝐷𝑅

𝑃𝑇 × 𝐿
 (13) 

 

where 

 

• TP = throughput  

• PDR = packet delivery ratio  
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• 𝑃𝑇= transmission power  

• L = latency  

 

Network lifetime is expressed as 

 

 𝑁𝐿 =
∑ 𝐸𝑖
𝑁
𝑖=1

𝑃𝑎𝑣𝑔
 (14) 

 

where 

 

• 𝐸𝑖= residual energy of node 𝑖 
• 𝑃𝑎𝑣𝑔= average power consumption  

 

Higher values of 𝜂and 𝑁𝐿indicate superior network performance and sustainable operation. 

 

 

Fig. 5. Optimized Energy-Efficient Wireless and Microwave Network 

The optimized wireless and microwave communication network generated from Hybrid Salp Swarm–Whale 

Optimization framework is depicted in Fig. 5. The enhanced routing schemes, adaptive transmit power, microwave 

antenna arrangements and the intelligent spectrum allocations effectively make communication more proficient while 

minimizing overall energy use. Use of the optimized network results in given performance metrics: enhanced throughput, 

packet delivery ratio and network lifetime, and reduced latency and packet loss. The enhancements show the efficacy of 

the proposed HSSWO framework to realize sustainable, high-performance 5G, 6G and beyond-6G wireless & microwave 

communication systems. 

4. Experimental Results and Discussion 

Here we offer a series of experimental evaluations for the proposed HSSWO framework on green wireless and 

microwave networks. A detailed simulation using realistic 6G wireless communication channel model has been performed 

in order to study the performance of our proposed optimization algorithm. The framework is evaluated based on 

communication performance and metrics associated with energy (energy efficiency, network lifetime, throughput, PDR, 

end-to-end latency, packet loss, convergence speed and optimization time). To illustrate the effectiveness and robustness 

of the proposed HSSWO, we compare it with some well-known optimization algorithms such as PSO, GA, WOA and 

SSA in the next sections. 

The proposed hybrid approach is capable of improving transmission power, forwarding paths and antenna parameters 

for microwave communication resources in addition to reducing computation complexity. The second phase of SSA 

consists of an exploitation mechanism which is fused with WOA to leverage the exploration ability of SSA to conduct 

efficient search over the whole parameter space thereby accelerating convergence towards the optimum network 

configuration. Second, the AI-based decision-making module is responsible for always monitoring the network status and 

aims to dynamically adjust optimization parameters to improve communication reliability while saving additional energy 

consumption. The simulation outcomes obtained verified the effectiveness of our framework with respect to energy 

efficiency, network lifetime extension, good throughput and low latency time, few packets lost and convergence times 

compared to conventional optimization algorithms. The aforementioned achievements showcase the high potentiality of 

the proposed HSSWO technology for realising various opportunities towards intelligent 5G, 6G and post-6G network 

architectures. 

 



Energy-Efficient Wireless and Microwave Networks Based on Hybrid Salp Swarm–Whale Optimization Techniques 

Volume 16 (2026), Issue 5 – Page 57 

4.1. Experimental Setup 

We focused our analysis on discovering the possible energy efficiency and communication performance gains (if 

any) by investigating a new Hybrid Salp Swarm–Whale Optimization (HSSWO) framework for simulated wireless and 

microwave communication environments. The microwave network topology, comprising IoT devices, intelligent base 

stations, microwave relay nodes for the 6G communication scenario and adaptive antenna systems, was studied. The 

conditions of work have been developed using an optimization framework based on Python 3.11 (optimization part on 

TensorFlow and NumPy) combined with full-wave electromagnetic simulators for the microwave antenna validation. 

Four popular optimization methods including Particle Swarm Optimization (PSO), Genetic Algorithm (GA), Whale 

Optimisation Algorithm (WOA) and Salp Swarm Algorithm were compared to assess the performance of the proposed 

HSSWO algorithm. They measure network performance with respect to energy efficiency (%), lifetime of sensor networks 

(%), throughput (Gbps), packet delivery ratio (PDR), end-to-end latency (ms), packet loss (%) and total convergence 

iterations through optimization time. 

4.2. Simulation Parameters 

Table 1. Simulation Parameters 

Parameter Value 

Communication System 6G Wireless Network 

Carrier Frequency 28 GHz 

Bandwidth 400 MHz 

Network Area 1000 × 1000 m² 

Number of Nodes 500 

Microwave Base Stations 20 

Population Size 50 

Maximum Iterations 200 

Optimization Algorithms PSO, GA, SSA, WOA, Proposed HSSWO 

Programming Environment Python 3.11 

Performance Metrics EE, Throughput, PDR, Latency, Packet Loss 

 

4.3. Energy Efficiency Analysis 

Energy efficiency is the most critical parameter for future green wireless communication systems. Figure 6 compares 

the energy efficiency achieved by different optimization algorithms. 

The proposed HSSWO framework achieves an energy efficiency of 95.82%, outperforming PSO (84.16%), GA 

(81.94%), SSA (91.23%), and WOA (89.74%). The hybrid optimization strategy effectively minimizes transmission 

power while maintaining stable communication links and efficient microwave resource utilization. The balanced 

exploration of SSA and exploitation of WOA enables optimal power allocation across the wireless network. 

4.4. Network Lifetime Evaluation 

The network lifetime comparison is presented in Figure 7. 

The proposed optimization framework extends network lifetime by 41.6% compared with conventional optimization 

techniques. The intelligent transmission scheduling and adaptive routing significantly reduce battery depletion in wireless 

nodes, thereby extending overall network lifetime. 

4.5. Throughput and Packet Delivery Performance 

The communication throughput and packet delivery ratio are illustrated in Figure 8. 

The proposed framework achieves 

 

• Throughput = 12.47 Gbps  

• Packet Delivery Ratio = 99.21%  

 

The hybrid optimization algorithm improves routing stability, reduces interference, and optimizes microwave 

antenna characteristics, leading to higher communication reliability and increased network throughput. 

4.6. Latency and Packet Loss Analysis 

Figure 9 compares end-to-end latency and packet loss. 

The proposed framework achieves 

 

• Latency = 0.58 ms  

• Packet Loss = 0.69%  
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whereas conventional algorithms exhibit comparatively higher latency and packet loss. Lower latency and reduced packet 

loss demonstrate the effectiveness of adaptive routing and intelligent microwave resource optimization. 

4.7. Convergence Analysis 

Figure 10 illustrates the convergence characteristics of the optimization algorithms. The hybrid exploration–

exploitation mechanism efficiently avoids local optima while accelerating convergence toward the global optimum. The 

optimization time is reduced by 31.8%, and convergence speed improves by 36.4% compared with the conventional 

algorithms. 

4.8. Comparative Performance Summary 

Table 2. Overall Performance Comparison 

Performance Metric PSO GA WOA SSA Proposed HSSWO 

Energy Efficiency (%) 84.16 81.94 89.74 91.23 95.82 

Network Lifetime (%) 71.42 69.85 80.37 84.11 95.71 

Throughput (Gbps) 8.94 8.26 10.63 11.18 12.47 

Packet Delivery Ratio (%) 95.42 94.63 97.81 98.32 99.21 

Latency (ms) 0.94 1.12 0.79 0.71 0.58 

Packet Loss (%) 2.31 2.88 1.36 1.04 0.69 

Convergence Iterations 118 137 82 69 52 

Optimization Time Reduction (%) — — 14.5 22.3 31.8 

 

The experimental findings evidently confirm that the suggested framework for Hybrid Salp Swarm–Whale 

Optimization (HSSWO) is the best performer in all estimated parameters. The motivation behind the proposed method is 

to combine the exploration capability of the Salp Swarm Algorithm with the exploitation efficiency of the Whale 

Optimization (WO) methodology. The AI-enhanced optimization module further speeds up resource allocation and 

adaptive routing choices, along with low computation overhead at high throughput and low latency levels. The results 

indicate that the proposed HSSWO framework solves wireless and microwave networks in future 5G, 6G and beyond-6G 

communication environments robustly and at scale with energy efficiency. 

 

 

Fig. 6. Energy Efficiency Comparison of Optimization Algorithms 

Figure 6 compares the energy efficiency of the proposed Hybrid Salp Swarm–Whale Optimization (HSSWO) with 

that of traditional optimization techniques, such as Particle Swarm Optimization (PSO), Genetic Algorithm (GA), Salp 

Swarm Algorithm (SSA), and Whale Optimization Algorithm (WOA). The proposed HSSWO framework generates the 

highest energy efficiency of 95.82% with respect to all comparison algorithms. The hybrid exploration–exploitation 

strategy can significantly reduce the effective transmission power while maintaining reliable communication links, and 

efficient utilization of microwave resource. The time-efficient energy containment through the process of global 

exploration and local exploitation makes the proposed framework highly adaptive for sustainable 5G and 6G wireless 

communication systems. 
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Fig. 7. Network Lifetime and Throughput Comparison 

Comparison of Network Lifetime and communication throughput for Different Optimization Algorithms: Figure 7. 

Our proposed HSSWO framework achieves a network lifetime of 95.71% and a throughput of 12.47 Gbps, which 

demonstrates significant improvement over PSO, GA, SSA and WOA. The more efficient routing way, adaptive 

transmission power allocation and smart microwave communication resource management can combine to reduce energy 

depletion of transmission and ensure packet transmission. Thus, this framework prolongs network lifetime and sustains 

high-speed data transmission required for future smart communication infrastructures. 

 

 

Fig. 8. Convergence Characteristics of Hybrid Salp Swarm–Whale Optimization 

In Fig. 8., the convergence performance of the proposed HSSWO algorithm is compared with traditional 

optimization algorithms. This plot shows on the horizontal axis the optimization iterations and on the vertical axis fitness 

value. The convergence to the global optimum can be achieved using the proposed hybrid optimization algorithm after 

52 iterations, whereas SSA, WOA, PSO, and GA take noticeably higher iterations for global optima convergence. The 

combination of Salp Swarm exploration and Whale Optimization exploitation is instantiated in such a way that both helps 

prevent premature convergence while also keeping the population diverse during the optimization process. The proposed 

algorithm, therefore, has a 36.4% faster convergence speed and dramatically lower computational complexity. 
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Fig. 9. Packet Delivery Ratio, Latency, and Packet Loss Comparison 

We have illustrated the comparison amongst different optimization algorithms based on the PDR, end-to-end latency, 

and packet loss in Fig. 9. The proposed HSSWO framework extends the packet delivery fraction to 99.21%, latency to 

0.58 ms with only 0.69% of packet loss capacity outperforming the existing optimization methods. Intelligent 

optimization of routing decisions, transmission power and microwave communication resources can reduce network 

congestion and interference as well as improve communication reliability. The obtained results confirm that the proposed 

framework of stable and efficient wireless communication is fully appropriate for reasonably sensitive 6G applications. 

 

 

Fig. 10. Overall Performance Evaluation of the Proposed HSSWO Framework 

The performance evaluation of the proposed Hybrid Salp Swarm-Whale Optimization (HSSWO) framework is made 

under a simulated wireless and microwave communication environment as summarized in Figure 10. The optimized 

framework enhances the communication performance metrics on combined fields with 95.82 % energy-efficiency, 95.71% 

network lifetime, 12.47 Gbps throughput, 99.21% packet delivery ratio, latency of 0.58 ms and packet loss of 0.69%. The 

introduced hybrid optimization strategy, which combines the exploration ability of Salp Swarm Algorithm with the 

exploitation ability of Whale Optimization Algorithm, provides a solution that maximizes the energy conserving and 

communication quality. Experimental results show that the proposed HSSWO framework is a robust, efficient, and 

scalable optimization solution for future green wireless and microwave 5G communication systems. 

The proposed HSSWO framework demonstrates strong potential as an intelligent optimization solution for next-
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generation wireless and microwave communication systems by effectively balancing global exploration and local 

exploitation while incorporating AI-assisted network evaluation. Experimental results indicate considerable 

improvements in communication performance and energy efficiency compared with conventional optimization 

algorithms. Nevertheless, further research is required to improve scalability, computational efficiency, and real-time 

deployment capability under highly dynamic and ultra-dense communication environments. The proposed framework 

therefore provides a promising foundation for future intelligent wireless resource optimization rather than a universally 

optimal solution for all deployment scenarios. 

5. Conclusion 

The research work contributed an Energy-Efficient Wireless and Microwave Networking Framework Using Hybrid 

Salp Swarm–Whale Optimization (HSSWO) to the green design of future intelligent wireless communication systems [5]. 

The proposed framework integrates AI-assisted network performance evaluation with gapless global search ability (Salp 

Swarm Algorithm) and strong exploitation mechanism (Whale Optimization Algorithm). A hybrid optimization strategy 

is proposed to optimize the transmission power, routing paths, microwave antenna parameters and spectrum allocation in 

a way that unifies communication performance and energy efficiency. 

Experimental results verify that the proposed HSSWO framework can achieve an energy efficiency of 95.82%, a 

network lifetime improvement of 41.6%, a throughput of 12.47 Gbps, a packet delivery ratio of 99.21%, latency of 0.58 

ms and packet loss of 0.69%. Moreover, the optimization process converges 36.4% faster and takes up to 31.8% less time 

than conventional optimization algorithms. Such enhancements verify that the proposed HSSWO framework is an 

effective, scalable and intelligent solution for next-generation green wireless and microwave communication networks 

with the significant performance necessities of future 5G, 6G, plus beyond-6G communication infrastructures. Although 

the proposed Hybrid Salp Swarm–Whale Optimization (HSSWO) framework demonstrates significant improvements in 

energy efficiency, network lifetime, throughput, packet delivery ratio, and convergence speed, several limitations remain. 

First, the computational complexity of the hybrid optimization algorithm increases with the size and density of ultra-

large-scale 6G wireless networks, potentially leading to longer optimization times when thousands of communication 

nodes and heterogeneous network resources are simultaneously optimized. Second, the AI-assisted surrogate model 

requires an adequately representative training dataset to achieve reliable prediction accuracy. Under rapidly changing 

wireless environments or previously unseen channel conditions, prediction errors may reduce optimization performance, 

requiring periodic retraining or adaptive online learning. Third, although the AI predictor substantially reduces the number 

of computationally expensive network simulations, its training process introduces additional computational overhead 

during the offline learning stage. Furthermore, practical deployment in real-time wireless communication systems may 

experience latency caused by hardware limitations, memory constraints, and edge-device processing capabilities, 

particularly in resource-constrained communication infrastructures. 

Despite these limitations, the proposed framework provides a flexible foundation for intelligent resource 

optimization in future wireless communication systems. Future research will investigate distributed implementations of 

the HSSWO algorithm under federated learning environments, enabling collaborative optimization without centralized 

data sharing while preserving data privacy. Another promising direction involves integrating digital twin technology to 

continuously synchronize virtual network models with real communication environments, allowing online fine-tuning of 

optimization parameters under dynamic network conditions. Additionally, lightweight AI architectures, edge intelligence, 

adaptive reinforcement learning, and scalable multi-objective optimization strategies will be explored to further improve 

computational efficiency, scalability, robustness, and real-time deployment capability for beyond-6G and future 

intelligent wireless communication networks 
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