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Abstract—When communicating within wireless sensor 

networks (WSNs), energy consideration is essential. 

Beamforming is therefore crucial to enabling effective, 

power-efficient transmission with improved signal-to-noise 

ratio (SNR). This paper presents the characterization and 

analysis of hybrid beamforming, which further minimizes the 

energy required in the systems that are used. The number of 

nodes, number of symbols, and distance from transmitting 

antennas were all addressed by the analysis, simulation, and 

modeling. Furthermore, modeling and simulation are 

compared to the Gaussian interpolation function. An 

adaptive approach to antenna positioning and mobile nodes 

is provided by Gaussian interpolation. The system 

performance is measured by the mean signal-to-noise ratio 

(SNR), which is a function of the number of WSN nodes and 

transmitted signals. The SNR curve is logarithmic. The nodes 

and symbols variables have increasing and decreasing 

functions, respectively, as a function of mean SNR, according 

to the mean SNR curves. With displaced signal 

characteristics, symmetrical and bidirectional performance, 

and a slight overlaid edge over the conventional hybrid 

beamforming model—the average mean SNR for the 

Gaussian model is 4.1, while for the conventional model it is 

4—using the Gaussian model proved to be equivalent. This 

kind of architecture permits the incorporation of 

bidirectional nodes positioned all around a base station (BS) 

and permits the consideration of mobile nodes.  

Keywords—energy, WSN, data transmission, communication, 

gaussian interpolation, hybrid beamforming. 

I. INTRODUCTION

Extending the lifespan of a wireless sensor network 

(WSN) requires energy-efficient transmission strategies 

because it is very costly and time-consuming to recharge 

the batteries of several WSN nodes. By dividing the 

necessary total power transmission among several WSN 

nodes to reach the intended bit error rate (BER) at the 

receiver, collaborative transmission beamforming, or CTB, 

reduces the energy used by each node. Additionally, CTB 

lowers the overall power broadcast by the WSN by 

increasing signal intensity toward the receiver and 

coherently integrating the many signals sent by the WSN 

nodes [1–6]. 

A wireless signal is directed at a receiving device using 

beamforming, a radio frequency (RF) management 

technique. Beamforming is used in several radio-based 

technologies, including radar and wireless 

communications. Rather than transmitting a signal from a 

broadcast antenna to be spread out in all directions, as a 

signal would typically be sent, beamforming employs 

many antennas to transmit and guide the same signal 

toward a single receiving node. Beamforming improves 

the reliability and efficiency of wireless data transmission 

in situations where energy usage is crucial. 

Beamforming maximizes an antenna’s transmit and 

receive energy in a specific direction. Beamforming is fast 

becoming a crucial technology for boosting data transfer 

rates in wireless systems. In order to transmit or receive 

signals in a certain direction in sensor arrays, a signal 

processing technique called beamforming is employed. 

This is achieved by positioning the elements of the array 

such that at particular angles, some signals experience 

constructive interference and others destructive 

interference. Beamforming can be used at both the 

transmitting and receiving ends to provide spatial 

selectivity.  

By concentrating the signal in one direction, you can 

give the recipient a higher-quality signal without 

amplifying the broadcast’s intensity. As a result, there is 

less chance of an error and data transfer is more effective. 

Because beamforming can also be used to limit or 

eliminate broadcasting in other directions, it greatly lowers 

interference for consumers trying to pick up other signals. 

Beamforming is helpful in this sense since wireless 

communication systems have limited power resources, 

which makes it ideal to guide transmitted energy toward a 

physical receiver. Beamforming will allow for the 

rejection of noise coming from directions other than the 

transmitter. Furthermore, interference reduction is 

accomplished by rejecting the interference source, such as 

a nearby wireless system, by employing null steering. 

Using a cooperative communication approach called 

distributed and collaborative beamforming (DCBF), 
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independent nodes planted at random cooperate to build a 

virtual antenna array in a wireless sensor network (WSN). 

The DCBF is important for nodes with limited battery life 

and critical resources, especially when the network is 

deployed in locations where power source recharging is 

challenging. Because they share resources and preserve 

battery life, collaboratively communicating sensor nodes 

in WSNs have longer lifespans [7–10]. 

DCBF aids in overcoming transmission limitations 

when there is a long transmission distance and establishing 

a sink node is not feasible. It also facilitates multi-hop 

transmission. DCBF provides a higher received signal-to-

noise ratio (SNR) than point-to-point transmission [11–

14]. 

Such optimal phase lock can be achieved through beam 

pattern analysis addressed by distributed and collaborative 

beamforming. For this reason, phase synchronization is 

crucial when there is machine-to-machine communication. 

An important problem for DCBF is synchronization for 

beamforming, which reduces energy usage [15–21]. 

Sensor nodes are spatially dispersed autonomous sensor 

devices that make up Wireless Sensor Networks (WSNs). 

They are self-contained systems with their own power 

source, computing system, and wireless networking. They 

do, however, have extremely limited energy and 

processing capacity. Using multi-hop routing algorithms, 

the nodes regularly exchange packets when they are in the 

near field. In these networks, a sink, sometimes referred to 

as a base station (BS), serves as a gateway to link to the 

outside world [22–24]. 

The utilization of constructive interference between 

signals sent by numerous WSN nodes allows for long-

distance communication. Thanks to this power 

enhancement, the resultant signal can be successfully 

received in the BS, which is situated in the distant field. 

Gain is produced in one direction by the constructive 

interference between these signals, whereas the other 

directions will experience destructive interference. 

Beamforming needs all nodes to transmit the same signal 

and synchronize the carrier phases and signals of each of 

their separate transmitters in order for the multiple 

transmissions to join coherently at the base station (BS) 

and form a unidirectional beam [25–27]. 

II. RELEATED WORKS 

Jia, Hao et al. [28] stated that with distributed 

beamforming, coherent output signals with a gain after 

superposition are obtained by having nodes in a wireless 

sensor network transmit signals in different phases with 

adjustable delays. But because a wireless sensor network 

has a wide distribution range and a big topological region, 

distributed beamforming finds it more difficult to produce 

a highly directional beam than centralized beamforming, 

which would interact with base stations that are not targets. 

The authors proposed a discrete adaptive dual-population 

cooperative differential evolution (DPCDE) algorithm as a 

solution to this issue. The authors claim that it can 

efficiently lower interference by choosing nodes that are 

appropriate for taking part in distributed beamforming in a 

wireless sensor network. They further claim that the 

proposed approach can optimize the selection of nodes 

taking part in distributed beamforming to reduce the 

interference, thus improving SNR. 

Mainaa, Lang’ata et al. [29] stated that in Wireless 

Sensor Networks (WSNs), Collaborative Beamforming 

(CB) is a crucial instrument for attaining long-range 

transmission, where in certain cases, a WSN may have 

more than one intended data destination (sink). They 

clarified that this approach requires various CB operations. 

The authors claimed that multi-CB suggests better data 

rates and less co-channel interference than sink-by-sink 

CB, which increases network capacity. The authors 

proposed a unique mechanism using multiple CBs, which 

approached from the perspective of a 3-dimensional 

random configuration of sensor nodes. This also improves 

SNR. 

Noorani, Savas et al. [30] considered a network of 

agents that locate themselves in an environment through 

sensor measurements and aim to transmit a message signal 

to a base station via collaborative beamforming. The 

authors stated that the agents’ sensor measurements result 

in localization errors, which degrade the quality of service 

at the base station due to unknown phase offsets that arise 

in the agents’ communication channels. They assumed that 

each agent’s localization error follows a Gaussian 

distribution, and studied the problem of forming a reliable 

communication link between the agents and the base 

station despite the localization errors. The authors focused 

on Formulating a discrete optimization problem to choose 

only a subset of agents to transmit the message signal so 

that the variance of the signal-to-noise ratio (SNR) 

received by the base station is minimized while the 

expected SNR exceeds a desired threshold. 

Ab Majid, Malik et al. [31] looked at collaborative 

beamforming (CB) technique utilized in wireless sensor 

networks (WSNs). They stated that collaborative 

beamforming has garnered renewed interest due to the 

rapid advancements in embedded systems and wireless 

technologies. The authors presented an overview of 

collaborative beamforming in WSNs. They discussed 

sensor node optimization technique-based classifications 

for both stationary and mobile WSNs. They discussed 

metaheuristic algorithms for beam pattern and energy 

usage. The used pattern also affects SNR and is related to 

energy consumption. 

Brilhante, Manjarres et al. [32] looked at best 

performance, which they stated that in modern wireless 

communication systems, the system mostly rely on many 

antennas and the signal processing that goes along with 

them. They claimed that beamforming and beam 

management get more complicated in the case of 5G and 

6G networks, especially in relation to user mobility. They 

proposed that machine learning offers a useful way to 

reduce this complexity and the overhead related to beam 

management and selection. They presented a thorough 

analysis of beamforming and artificial intelligence, 

identifying outstanding problems, such as SNR. 

Collaborative and distributed beamforming is most 

effective in terms of energy consumption when hybrid 

beamforming is used. 
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Majidzadeh, Kaleva et al. [33] looked at underutilized 

millimeter wave frequencies, which can be effectively 

exploited by using massive multiple input multiple output 

(MIMO) technology with highly directional beamforming 

to meet the capacity requirements of future mobile systems. 

They stated that one possible method for large-scale 

MIMO installations with less expensive and power-hungry 

radio frequency (RF) chains is hybrid analog-digital 

beamforming. They confirmed that the reduction in power 

hungry is due to less complicated RF power division and 

combining networks. The researchers used a 

straightforward geometric model and a realistic statistical 

model to assess the performance of algorithms associated 

with hybrid beamforming. 

The power cost and general architecture cost is also 

discussed by Li, Gong et al. [34], as they considered 

millimeter-wave (mmWave), which can achieve 

gigabit/second communication capacity with centimeter-

level sensing accuracy. The authors stated that significant 

path loss of mmWave has drawn a lot of interest to hybrid 

beamforming approaches, which also help to lower the 

system’s hardware cost. They proposed a fully-connected 

hybrid architecture system based on orthogonal frequency 

division multiplexing (OFDM). They planned to achieve 

stability and optimized performance with a multi-

functional beam, their proposed design is based on 

multicarrier weighted error minimization using the penalty 

dual decomposition. Lowering path loss, means an 

increased SNR and reduction in energy consumption. 

Hamid, Chopra et al. [35] looked at a workable solution 

for maintaining high data rates on line with digital 

beamforming while reducing the cost and complexity of 

large multiple-input multiple-output systems. The authors 

stated that is can be achieved using hybrid beamforming. 

They presented a study to determining the efficacy of the 

three architectural beamforming techniques—Analog, 

Digital, and Hybrid—in enormous multiple-input 

multiple-output systems. They asserted that unlike digital 

beamforming, which uses separate radio frequency chains 

for each antenna, hybrid beamforming connects all of the 

antennas to a single radio frequency chain. They stated that 

the channel state information determines the beam 

formation toward a specific angle. The authors also 

discussed multiple-input multiple-output in details, along 

with performance metrics including power, feasible sum 

rate, bit error rate, and signal-to-noise ratio. 

Singh, Srivastava et al. [36] discussed hybrid 

beamforming design that maximizes the energy efficiency 

of a millimeter wave (mmWave) multiple-input multiple-

output (MIMO) system enabled by integrated sensing and 

communication.  The authors presented a system with base 

station and hybrid MIMO architecture, which can 

simultaneously detect numerous targets and communicate 

with many users. They used sensing beam pattern gain of 

the targets and the signal-to-interference and noise ratio 

(SINR) as the user’s quality of service (QoS) as restrictions. 

From the literature, hybrid beamforming is found to be 

a better approach compared to conventional beamforming. 

The authors used many techniques and methods to reduce 

energy consumption, increase SNR, and enables higher bit 

rate. However, none of them used Gaussian interpolation 

to enable adaptive hybrid beamforming as presented in this 

work.  

In this work, characterization and modelling of 

beamforming functions, using hybrid beamforming is 

carried out, with comparative modelling using Gaussian 

interpolation function. 

The rest of this paper is divided as follows: Material and 

Methods, Results and Discussion, Conclusions, 

References. 

III. MATERIALS AND METHODS 

Beamforming is the process of guiding an antenna’s 

emission dispersion to transfer electromagnetic energy 

along a particular path or angle. 

A two-dimensional array, or a regular arrangement of 

antennas spaced apart, is the fundamental structure needed 

to do beamforming. By changing the relative phases and 

amplitudes of the supplied signals, the beam’s direction 

can be changed. The number of beams that can be 

produced can be doubled by using polarization or by 

having each emitter in the array emit electromagnetic 

radiation in one direction. 

Hybrid beamforming is a compromise between low-

power but less flexible analogue beamforming and power-

intensive but fully adjustable digital beamforming systems. 

This two-stage architecture is shown in Fig. 1, where 

precoding or combining is finished in the digital domain 

first and in the analogue domain second [37–41].  

 

Fig. 1. Hybrid Beamforming. 

In the digital part, precoding is done at the radio chain 

level. Because fewer data converters and associated chains 

are required, there are less processing, power, and cost 

involved. Multiple spatial streams can also be provided, 

albeit this is restricted to the number of RF chains. Thus, 

in this case, both analogue and digital beamforming work 

together to create many beams and increase coverage [42–

44]. 

Every antenna in the hybrid beamforming system (Fig. 

1) is connected to every RF chain, and beamforming is 

accomplished using phase shifting. The ideal solution is 

obtained by using weights in the digital and analog 

components [45–47]. 

Higher throughput in RF systems broadcasting to 

different targets is made possible by beamforming 

technology. The system effectively handles multiple data 

transmissions by simultaneously broadcasting at various 

orthogonal carriers and using beamforming for spatial 

multiplexing. Hybrid beamforming creates several beams 

with different intensities to reach various users by 

combining digital and analog processes. Hybrid 

beamforming in a MIMO technique also permits tracking 

of multiple targets with adjustable resolution in the case of 

an RF imaging system or a radar system. It offers several 
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benefits, including increased data rates, improved 

coverage, reduced power consumption, and enhanced 

overall system capacity. In addition, hybrid beamforming 

makes it possible to operate large MIMO antenna arrays 

more affordably and with less power [48, 49]. Thus 

combining the advantages of hybrid beamforming with the 

principles of MIMO. The approach in this work is to use 

multiple nodes with multiple antenna in correlation with 

Hybrid beamforming to enable better data rates and 

symbol transmission, with lower energy consumption. In 

addition, higher bit rate with lower energy consumption 

and higher number of transmitted symbols, is also related 

to lower bit error rate (BER), as mentioned in [48, 49], 

where extensive work is carried out on SNR, BER, MIMO, 

and hybrid beamforming. In addition, using Gaussian 

interpolation after carrying out simulation, to provide 

alternative weights model with adaptive feature. This 

enables interpolation and correlation of transmission nodes, 

and allows for design from a reference point process, with 

ability to effectively monitor nodes position and their 

spread and mobility. 

When a signal arrives at its destination, mistakes could 

occur. Therefore, in order to remove noise and distortion 

effects from the received signal, it is important to know the 

channel’s characteristics. Therefore, before to doing the 

real simulation, channel characterization is started and 

examined utilizing the following procedures: 

A. Antennas Spacing Determination

Eq. (1) can be used to calculate the distance between 

antennas by utilizing a wavelength coefficient (κ).  

𝐷𝑎𝑛𝑡𝑒𝑛𝑛𝑎𝑠 =   𝜅 (
𝑐

𝑓
)  (1) 

where; 

c: Speed of light 

f: Frequency 

k: Spacing coefficient 

B. Communication Channel Formation through 

Generation of Pilot Signal

A randomly dispersed signal is produced in the 

simulation, as seen in Fig. 2. 

Fig. 2. Generated pilot signal sample for channel characterization. 

Fig. 3. Channel signals sample. 

Six nodes’ signals will be contained in the created 

channel, as seen in Fig. 3. 

C. Adding Noise

As seen in Fig. 4, noise is introduced to the signal inside 

the created channel. 

Fig. 4. Noise sample added in the formed channel. 

Eqs. (2) through (4) are used to compute the added noise 

signal to the channel, with the noise value being limited by 

the simulation’s set value. 

𝑆𝑁𝑅 =   20𝑙𝑜𝑔10 (
𝑃𝑖𝑙𝑜𝑡𝑆𝑖𝑔𝑛𝑎𝑙

𝑁𝑜𝑖𝑠𝑒
)  (2) 

𝑁𝑜𝑖𝑠𝑒 ∗ 10
(

𝑆𝑁𝑅

20
)

=  𝑃𝑖𝑙𝑜𝑡𝑆𝑖𝑔𝑛𝑎𝑙  (3) 

𝑁𝑜𝑖𝑠𝑒 = 𝑃𝑖𝑙𝑜𝑡𝑆𝑖𝑔𝑛𝑎𝑙 × 10
−(

𝑆𝑁𝑅

20
)

 (4) 

D. Producing a Pilot Signal

Eq. (5) is used to compute the resultant pilot signal, which 

is seen in Fig. 5. 

𝑃𝑖𝑙𝑜𝑡𝑆𝑖𝑔𝑛𝑎𝑙𝑓𝑖𝑛𝑎𝑙 = 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑠𝑖𝑔𝑛𝑎𝑙𝑠 × 𝑃𝑖𝑙𝑜𝑡𝑆𝑖𝑔𝑛𝑎𝑙 +

𝑁𝑜𝑖𝑠𝑒                                            (5) 

Fig. 5. Resulting pilot signal sample after adding noise. 

E. Generating the Input Signals

Fig. 6. Generated Channel Signals sample. 

Input signals are produced following channel 

characterization, as seen in Fig. 6. 

IV. RESULT AND DISCUSSION

A traditional hybrid beamforming is implemented using 

the methodology that is described; the new approach, 

interpolation modeling, is added at the end of the section. 
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A. Conventional Hybrid Beamforming 

1) Input signals generation 

The input signals created as suggested in the technique 

section are seen in Fig. 7. Six distinct transmitting antennas, 

which are a component of six separate WSNs, are 

identified by the produced signals. 

 

Fig. 7.  Generated signals by nodes. 

2) Analogue beamforming  

Following the production of signals, an amplitude/phase 

shift is performed to the created analogue signal at the 

transmission section, a process known as analogue 

beamforming. The signals from the assigned antennas are 

combined together at the receiving end prior to the Analog-

to-Digital conversion (ADC). For this sample, the 

beamforming direction chosen is π⁄6.   

Weights must be incorporated for optimal beamforming 

in order to enable analogue beamforming, as shown in Eq. 

(6). 

Assuming: 

𝐿 ≫ 1 ≤ 𝑀, − 
𝜋

2
≤ 𝜙  ≤

𝜋

2
  

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒 = 𝑒𝑥𝑝 (
−𝑗2(𝐿−1)𝜋𝐷

𝜆
) 𝑠𝑖𝑛(𝜙𝑖)       (6) 

In the presented work, M=6. 

The distribution of analog weights as a function of 

antennas is displayed in Fig. 8. 

 
Fig. 8.  Analogue weights distribution. 

 

Fig. 9.  Beamformed signal (analogue beamforming). 

The output of the analog beamformed signal is given by 

Eq. (7). 

 

𝑆𝑖𝑔𝑛𝑎𝑙𝐴𝐵𝐹 = (𝑆𝑖𝑔𝑛𝑎𝑙𝑖𝑛𝑝𝑢𝑡) ∗ (𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒)     (7) 

Eq. (7) when applied yields the sample plots depicted in 

Fig. 9. 

3) Digital beamforming  

The last step in the hybrid beamforming process, digital 

beamforming, requires beam steering to be enabled, which 

requires computing the desired channel response. To do 

this, the propagation angle is adjusted. Beam steering 

should be enabled from the following directions: 

𝜙 =  
𝜋

6
    →    𝜃 =  

𝜋

3
        

Eq. (8) can be used to compute the desired channel 

response. 

𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑑𝑒𝑠𝑖𝑟𝑒𝑑 = 𝑒𝑥𝑝 (
−𝑗2(𝐿−1)𝜋𝐷

𝜆
) 𝑠𝑖𝑛(𝜃)               (8) 

𝐿 ≫ 1 ≤ 𝑀  , − 
𝜋

2
≤ 𝜙  ≤

𝜋

2
  

Fig. 10 shows an example plot of the channel response. 

 

Fig. 10.  Channel desired response. 

In order to finalize the digital beamforming process, 

digital weights must be calculated using Eq. (9). 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑑𝑖𝑔𝑖𝑡𝑎𝑙 =
( 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑚𝑎𝑡𝑟𝑖𝑥×𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑑𝑒𝑠𝑖𝑟𝑒𝑑)    

𝑛𝑜𝑟𝑚( 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑚𝑎𝑡𝑟𝑖𝑥×𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑑𝑒𝑠𝑖𝑟𝑒𝑑)
      (9) 

In Fig. 11, the calculated digital weights are displayed. 

 
Fig. 11.  Digital weights distribution. 

Applying the digital weights to the analogue beamformed 

signal completes the hybrid beamforming, as shown in Eq. 

(10). 

𝑆𝑖𝑔𝑛𝑎𝑙𝐷𝐵𝐹 = 𝑆𝑖𝑔𝑛𝑎𝑙𝐴𝐵𝐹 × 𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑑𝑖𝑔𝑖𝑡𝑎𝑙          (10) 

 
Fig. 12.  Final beamformed signals. 
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Fig. 12 displays the digital beamformed signals that were 

produced. 

Noise will be added to the digital beamformed signals that 

are generated, as seen in Fig. 13. 

 

Fig. 13. Final beamformed signals with added noise. 

4) Beamforming Effectiveness 

Eq. (10), which computes the received signal, displays the 

plot in Fig. 14. 

Fig. 14. Received Hybrid beamformed signal. 

The Signal-to-Noise Ratio, as shown in Eq. (11), is used 

to determine how effective conventional hybrid 

beamforming is when implemented. 

𝑆𝑁𝑅ℎ𝑦𝑏𝑟𝑖𝑑 𝑏𝑒𝑎𝑚𝑓𝑜𝑟𝑚𝑖𝑛𝑔 =
10×𝑙𝑜𝑔10 ((𝑆𝑖𝑔𝑛𝑎𝑙𝐷𝐵𝐹) 2)

(𝑁𝑜𝑖𝑠𝑒)2        (11) 

 

Fig. 15.  Relationship between numbers of nodes and mean SNR. 

The link between the number of WSN nodes employed 

and the mean SNR of the received signal is depicted in Fig. 

15, and the corresponding increasing logarithmic function 

that characterizes this relationship is given by Eq. (12). As 

the nodes pool their resources to share transmission power, 

the plot shows that the more nodes in use, the better the SNR 

for the received signal, which is consistent with the 

beamforming technique. Additionally, the more nodes in 

use, the smaller the energy reduction for each node. 

𝑆𝑁𝑅𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑 𝑠𝑖𝑔𝑛𝑎𝑙 = 𝛼𝑙𝑜𝑔𝑒   (𝑀) + 𝛽                (12) 

where; 𝛼 ≥ 2.3, 𝛽 ≥ 0.4 

The relationship between the mean SNR and the number 

of symbols utilized is depicted in Fig. 16, and the decreasing 

logarithmic function is represented by Eq. (13) in the plot. 

The graphic makes it evident that when more symbols are 

employed, the mean signal strength (SNR) is reduced. This 

is because symbol transmission across the designated 

communication channel requires a certain amount of energy 

and power. In addition, and looking at the effect of 

increasing symbol rate, would result in a higher probability 

of Bit Error Rate (BER), which will affect the spectral 

efficiency, and subsequently will reduce SNR. From Figs. 

15 and 16 and comparing to different measured and 

published values for hybrid beamforming. The maximum 

value obtained in this work for mean SNR of 8.6 and a 

symbol count of 10, and a minimum value of 2.7 for a 

symbol count of 100 is a proof of the efficiency of hybrid 

beamforming. In addition, the presence of 20 nodes, with 20 

antennas, helps to a great deal increase the spectral 

efficiency, in particular for moderate symbol counts, and 

assist in reducing energy consumption, through 

beamforming and specifically through hybrid beamforming 

for higher numbers of transmitted symbols. 

 

 

Fig. 16. Relationship between numbers of symbols and mean SNR. 

𝑆𝑁𝑅received signal = −𝛿𝑙𝑜𝑔𝑒  (𝑁) + 𝜌           (13) 

where;  𝛿 ≥ 2.4, 𝜌 ≥ 14 

N: number of symbols 

B. Adaptive Interpolation Modelling of Hybrid 

Beamforming 

It is possible to rearrange the term in Eq. (6) to create Eq. 

(14).  

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒 = 𝑠𝑖𝑛(𝜙)𝑒𝑥𝑝 (
−𝑗2(𝐿−1)𝜋𝐷

𝜆
)            (14) 

Eq. (14) can be related to Eq. (15), which displays the 

updated Gaussian interpolation function. 

𝑓(𝑥) = 𝑄𝑒𝑥𝑝 (
−(𝑥−𝑐𝑗)

2𝜎
)                                 (15) 

where; 

Q: weighing coefficient 

: Spread parameter 

Eq. (14) can therefore be modeled using Eq. (16). 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒 = 𝑠𝑖𝑛(𝜙)𝑒𝑥𝑝 (
−𝑗2𝜋(𝐿−1) (𝐷−𝐷𝑖)

𝜆
)     (16) 
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where Di is a reference distance and  is assumed to be 

equal to 0.5, and absolute value is used to compute 

distance difference. Thus, the spread of the transmitted 

signal as a wave is controlled by , as an equivalence to 

the Gaussian function spread parameter (). The 

assumption of 0.5 is related to the side lobes, with the 

initial range of − 
𝜋

2
≤ 𝜙  ≤

𝜋

2
  and the variation is 𝜙 =

 
𝜋

6
 →  𝜃 =  

𝜋

3
, thus giving a difference of 𝜃 =  

𝜋

3
. When the 

distance (Gaussian spread) between the transmitting nodes 

is below 0.5, will result in high side loop level, and when 

the distance between these elements is above 0.5, will 

result in drop in bandwidth. The highest maximum ability 

to suppress interference, occur at distance (Gaussian 

spread) of 0.5, which is regarded in this and other 

applications as an ideal distance. Also, the half-wave 

spacing (the Gaussian spread), results in a spatial 

equivalent to Nyquist sampling, which has the condition of 

0.5 that eliminates aliasing. 

In the context of wireless sensor networks (WSNs), 

when nodes are dispersed at variable distances from the 

base station, Eq. (16) permits adaptive spacing between 

antennas. Table 1 presents a comparison of the mean SNR 

as a function of spacing coefficient for both Gaussian-

based hybrid beamforming and traditional hybrid 

beamforming. Table 1 makes it evident that both methods 

would be effective in producing beamforming, with the 

added benefit of adaptive interpolation, which offers 

symmetry, bi-directionality, and support for cantered base 

stations and mobile nodes.  

These characteristics, together with the system’s ability 

to adapt thanks to Gaussian interpolation, give it 

intelligence. It also permits predictability of design 

outcome and flexibility. Furthermore, Table 1’s average 

SNR with Gaussian Interpolation is 4.1 as opposed to 4 

with conventional interpolation. This value would rise in 

response to the elements and design of the antenna, having 

the benefit of adaptive functionality for changing designs. 

Furthermore, compared to the conventional form, it is 

anticipated that the adaptable form will be less affected by 

space and environmental factors. Furthermore, the model’s 

validity and potential for further development to enable 

enhanced hybrid beamforming were demonstrated by the 

identical values achieved for Gaussian Interpolation to the 

conventional hybrid beamforming, but with adaptive 

benefit. 

Eq. (17) is obtained by substituting Eq. (1) into Eq. (16). 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒 = 𝑠𝑖𝑛(𝜙)𝑒𝑥𝑝 (
−𝑗2𝜋(𝐿−1) (𝜅(

𝑐

𝑓
)−𝜅𝑖(

𝑐

𝑓
))

𝜆
)  (17) 

Eq. (17), can be re-written as in Eq. (18). 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒 = 𝑠𝑖𝑛(𝜙)𝑒𝑥𝑝 (
−𝑗2𝜋(𝐿−1) ((

𝑐

𝑓
)(𝜅−𝜅𝑖))

𝜆
) (18) 

Eq. (18) can be re-arranged as in Eq. (19). 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝑠𝑎𝑛𝑎𝑙𝑜𝑔𝑢𝑒 = 𝑠𝑖𝑛(𝜙)𝑒𝑥𝑝 (
−𝑗2𝜋(𝐿−1) (𝜆(𝜅−𝜅𝑖))

𝜆
)    (19) 

Eq. (19) illustrates how weights are affected by the 

antenna spacing coefficient, which in turn affects the 

received signal. 

Eq. (16) and (19) can serve as mobile node and 

distributed WSN design reference models. At the equating 

and intersecting sites of Eqs. (12) and (13), with parameter 

selection. 

Looking at Eqs. (12) and (13), a relationship between 

number of nodes (M), and number of symbols (N) can be 

established, to yield Eq. (20). 

𝑁 = 𝑒𝑥𝑝 (− (
𝛼𝑙𝑜𝑔𝑒  (𝑀)+(𝛽−𝜌)

𝛿
))                  (20) 

The expression in Eq. (20), relates number of symbols 

to WSN nodes for a particular point, at which SNR is 

equated. The increase in number of nodes will result in 

increase in symbol transmission, but, with hybrid 

beamforming, the overall energy consumption, will be 

lower than in systems that do not use hybrid beamforming. 

Thus, lower energy overheads and power, and ability to 

keep SNR within an acceptable levels, should reflect in an 

efficient communication system. Add to all of that the 

adaptive behavior of the system, as Gaussian interpolation 

is used for weights selection and distance location, means 

a promising WSN communication.  

TABLE I. COMPARISON BETWEEN MEAN SNR FOR CONVENTIONAL 

AND GAUSSIAN BEAMFORMING 

𝜿 Mean SNR 

Conventional 

Mean SNR 

Gaussian 

0.05 4.40 4.61 

0.1 4.01 4.10 

0.15 4.40 3.80 
0.2 3.50 4.50 

0.25 3.70 4.30 

0.3 3.97 3.80 
0.35 4.40 3.94 

0.4 3.70 3.45 
0.45 3.33 3.90 

0.5 4.51 4.16 

V. CONCLUSION 

In addition to simulation, the article featured a full 

investigation of hybrid beamforming. The study 

established a relationship between the number of WSN 

nodes and mean SNR and the number of symbols and 

mean SNR in terms of sustaining signal and power during 

communication as a performance indicator for the 

beamforming method. The paper also provided a modified 

Gaussian interpolation function equivalency model and 

compared the results. In addition to center-placed and 

bidirectional BS, mobile nodes can also be used with the 

Gaussian function. Together with a proposed point of 

optimum efficiency, the simulation results are 

quantitatively described using mathematical functions and 

mathematical modeling. 

The main contribution of this work can be summarized 

in the following points: 

 

1. Investigation of applying hybrid beamforming to 

Wireless Sensor Networks. 
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2. Detailed mathematical modeling and simulation 

of hybrid beamforming in WSN. 

3. Proposing an adaptive model for weights 

adjustment using Gaussian interpolation, which 

will enable more efficient beamforming by 

adjusting the weights matrix. 

4. Mathematical modeling of the relationship 

between number of nodes and number of symbols 

and SNR, this will enable analysis of effect of 

using the adaptive function (Gaussian 

interpolation) on the efficiency of 

communication process, which can be a design 

approach.  

 

Future work should incorporates energy functions and 

pathloss functions to enable inclusion of the path length 

and area, with consideration on routing algorithm selection. 

The MATLAB simulation-based mathematical models 

that have been constructed provide design models since 

they incorporate all the necessary factors for quantitative 

hybrid beamforming, which includes dimensional values 

and communication channel performance data.  
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