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ABSTRACT 

 

This study presents novel approaches to the allocation of 

resources in Internet-of-Things sensor network (IoTSN) 

systems applied to water-quality monitoring for optimal and 

more sustainable utilization of resources. To tackle the long-

standing energy scarcity issue that currently plagues sensor 

network (SN) systems, energy harvesting is explored and 

exploited to maximize its untapped potential to develop a 

successive wireless power sensor network (WPSN) system 

embedded with a scheduling algorithm, and operate as a non-

orthogonal multiple access (NOMA) system. Similarly, quality 

of service parameters are crucial design considerations for 

network efficiency, and energy efficiency (EE) is considered 

here. Consequently, an EE optimization problem is formulated 

for the successive WPSN system and solved by exploiting the 

problem structure and through a meta-heuristic algorithm. The 

new system is validated through the numerical simulation 

results presented in this work by thoroughly analyzing, 

evaluating and comparing the proposed meta-heuristic based 

WPSN system with the baseline state-of-the-art WPSN systems 

that combined a meta-heuristic algorithm, two additional meta-

heuristic algorithms including genetic algorithm (GA) and ant-

colony optimization (ACO) algorithm as well as a non-meta-

heuristic algorithm – specifically an iterative based Dinkelbach 

algorithm. The experimental outcomes show that the proposed 

system significantly outperforms the contemporary WPSN 

systems in terms of EE performance gains.  

 

Keywords: Water quality, wirelessly powered network, RF energy 

harvesting, internet-of-things, ant-colony optimization, particle swarm 

optimization, non-orthogonal multiple access, energy efficiency, green 

communication. 

 

1. Introduction 

 

Today, water-related illnesses are rampant. This can be 

attributed to the issue of not having access to safe water [1] – 

[4]. Safe water simply refers to clean water and is a vital 

substance for humans and animals [1]. In essence, their survival 

depends on clean water. Therefore, ensuring the cleanliness of 

water at all times is essential as the ingestion of poor quality 

water is highly harmful to the health as a result of the presence 

of micro-organisms and metal-ions [2], [3] - which is mostly 

influenced by anthropogenic activities. This consequently 

necessitates the desire for cost-effective and reliable systems 

such as wireless sensor networks (WSNs) to overcome the 

shortcomings of the traditional laboratory-based water quality 

analysis systems. In WSNs, the Internet-of-Things (IoT) has 

emerged as a central technology that drives the data 

communication process of WSN systems through the 

connection of the network sensor nodes to the Internet [5] – [7]. 

The amalgamation of the IoT and WSNs forming the Internet-

of-Things sensor network (IoTSN) has brought new 

opportunities to the environmental monitoring domain such as 

remote water quality monitoring (WQM). 

The usage of IoTSN in WQM helps to detect possible water 

contamination in a timely manner, which assists in guarding 

against the distribution of polluted water. Unfortunately, 

IoTSNs in WQM suffer from inherent network energy 

problems, including energy scarcity and high energy 

expenditure [8]. To address the scarceness of energy, wireless 

energy transfer (WET) techniques that exploit radio frequency 

(RF) signal to transfer RF energy has recently emerged for 

powering IoTSNs. This line of research is referred to as wireless 

power sensor networks (WPSNs). Note that energy is a very 

scarce resource that needs to be efficiently utilized since WSNs 

are energy constrained communication networks, giving scope 

for the optimization of energy efficiency (EE) as well as 

throughput rate in WPSNs. Recently, there have been some 

research attempts on throughput and energy utilization 

optimization, for example, [4], [8], [9] have considered the 

throughput and energy utilization optimization of the WPSN 

systems by developing efficient optimization solutions that 

jointly optimizes the constrained resources like time resource 

allocation for harvesting RF energy and transmitting signals (or 

data bits). The idea of maximizing the throughput performance 

of WPSN communication networks is an essential design 

objective to develop efficient networks that can reliably 

communicates their data bits. Currently, there are a few works 

in the literature that focused on the maximization of WPSNs’ 

performance in terms of energy efficiency, and examples of 

such works are references [10] - [15]. In [10], the authors 

considered the EE maximization of a mobile WSN system 

where an ambient RF technique was used as power source to 

increase the lifetime of the system’s relay nodes and cluster 
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nodes. To enable the relays and the clusters to receive RF 

signals from their environment, as well as empower the relay 

nodes to forward their data packets through the neighboring 

relays in a multi-hop manner to a specific cluster node where a 

mobile collector receives the aggregated data, a simultaneous 

wireless information power transfer (SWIPT) model was 

employed. RF energy harvesting (EH) from ambient sources 

may not be efficient as it is not deterministic and controllable, 

hence, it may be difficult to guarantee the reliability of such 

systems. Also, the use of the SWIPT model is costly in practice 

and may suffer from interference problem, and unfairness 

problem if the received RF signals are not efficiently allocated 

for EH and signal processing purposes. To deal with these 

problems, this work considered RF EH from dedicated power 

stations and signal processing using the wireless information 

power transfer (WIPT) model, which is easy to implement and 

cost-effective in practice. Also, [11] has considered the 

optimization of the EE of a WSN system and the exploitation 

of the SWIPT model for RF EH and information processing 

purposes. Unlike [11], the WIPT model is considered in this 

work to circumvent unfairness and interference problems. 

References [12] – [15] have considered a single dedicated RF 

power source (DPS) for powering their WPSN systems with a 

WIPT model. In contrast to [12] - [15], multiple DPSs are 

considered in this work. In the prior works a hybrid RF power 

source-sink node is considered, which implies that their DPS 

node and the sink node are co-located.  Because of the co-

habitation of the nodes, an inherent problem named doubly near 

far, is encountered by the networks. To deal with 

aforementioned problem so as to improve the harvested energy 

as well as minimize the time spent for charging the sensors’ in-

built batteries, multiple dedicated DPSs are considered. One of 

the DPSs performs a co-located function, and this node is 

referred to as a hybrid RF power source-sink node (HPSSN). 

Note that only the HPSSN can both broadcast energy to the 

water quality sensors (WQSs), as well as receive water quality 

data from the scheduled WQSs for information transmission, 

while the rest of the DPSs can only broadcast energy to the 

WQSs. Furthermore, in this work a new data communication 

scheduling scheme is considered to consecutively classify the 

WQSs based on data communication priority into two distinct 

groups and cycles, namely group 1 and group 2 in the uplink 

(UL), such that the newly proposed successive WPSN system 

schedules the WQSs in group 1 to transmit their signals during 

cycle 1, while the WQSs in the group 2 are enabled in cycle 2 

for data communication, in a non-orthogonal multiple access 

(NOMA) protocol. One of the key agendas of this contribution 

is to optimize the energy expenditure of the overall network to 

improve the energy efficiency of the proposed system. NOMA 

is a 5G-supported protocol that provides multiple access to 

sensor nodes in the power domain by multiplexing the sensor 

nodes on the same resources through the exploitation of a 

superposition coding strategy implemented at the transmitter-

side of the sensor nodes and an advanced receiver, that is 

embedded with a successive interference cancellation (SIC) 

technique [16]. The potential of a NOMA protocol has made it 

a promising protocol for enhancing the spectral efficiency and 

energy efficiency of communication systems like wireless 

powered IoT sensor networks [17], [18]. Consequently, in this 

work, the development of a successive WPSN system for WQM 

application use-case is considered. A crucial aspect of this study 

is to formulate strategies that can efficiently control the usage 

of resources in the new WPSN system. The key contributions 

made by this study are five-fold and are highlighted by the 

following points: 

• The development of a successive WPSN is proposed to 

prioritize the operation of WQSs in the UL. For energy 

efficient communication in WPSN, all the WQSs may not 

necessarily transmit information during the UL stage; this 

is an important strategy in WPSN. 

• The integration of a non-orthogonal multiple access 

(NOMA) scheme into a successive WPSN for 

communication and resources (such as power and time) 

allocation purposes. 

• The optimization of the power and time resources through 

the exploitation of the adopted NOMA scheme to improve 

the performance of the system in term EE. 

• Formulation of a data-related EE maximization problem. 

• Design of a meta-heuristic solution for optimally solving 

the EE problem. 

• For the first time, this study presents the formulation of 

the EH model for multiple power stations in a NOMA 

system that has EE maximization for greener 

communication. 

To our best knowledge, no study has considered a successive 

WPSN solution model in literature on a system for a WQM 

application scenario. The rest of this study is divided into 

sections with Section 2 presenting the model of the new WPSN 

system; Section 3 discussing mathematical models on the 

system wireless channel, the EH and data transmission 

algorithms, and energy consumption; in Section 4 details are 

provided on the formulation of the new system’s EE as an 

optimization problem; the proposed solution to the optimization 

problem is detailed in Section 5; in Section 6 the discussion of 

the simulation results takes place to validate the new WPSN 

system; and finally the study is concluded in Section 7. 

 

2. Proposed system architecture 

This study presents a new system architecture that is 

composed of a WPSN containing 𝑗 successive sensors that are 

classified into two distinct groups namely group 1 and group 2 

as shown in Fig. 1 based on their information transmission 

scheduling priority which is based on a successive data 

communication scheduling method such that group 1 that 

contains 𝑖 sensors, 𝑗 ∈ 𝑖 = {𝑖1, 𝑖2, … , 𝐼} is enabled for 

information transmission in first cycle at the UL phase, while 

group 2 that contains 𝑞 sensors, 𝑗 ∈ 𝑞 = {𝑞1, 𝑞, … , 𝑄} is 

scheduled to transmit water quality information at the second 

cycle of the UL phase. Consequently, groups 1 and 2 sensors 

are enabled for data communication at the UL at different times. 

Because of simultaneous transmission of the water quality 

information by each group of sensors at the scheduled period to 

the sink node, indicative of many-to-one data communication, 

a SIC mechanism is considered at the receiver as a data-
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congestion control measure to separate each of the sensors that 

concurrently transmits their data to the sink node. Similarly as 

done in [19], this mechanism facilitates the sequential decoding 

of the data that are simultaneously broadcast by the sensors. 

The employed sensor nodes are WQSs that measure key 

microbiological and chemical properties used in WQM, such as 

E. coli concentration and pH, at a water-processing station. 

Note that all the WQSs may not necessarily transmit 

information during the UL stage, thus, only one group of 

sensors is enabled in a cycle. Both the groups 1 and 2 WQS 

nodes are powered by the DPSs, with an index of 𝑔. One 

particular 𝑔 is represented using 𝑔1 (for the HPSSN), that 

performs the functions of the hybrid power source and sink 

node. Each DPS is connected to a power source, and as had been 

assumed in the work of [13], [20], and [21], has complete 

channel state information (CSI) knowledge. According to the 

CSI knowledge, the DPSs 𝑔 initially transmits continuous RF 

power signals to all nodes simultaneously for a duration of 𝜏 

with a power of 𝑃𝐴,𝑔 . As clearly described in the experiments 

carried out in [22], it is important to note that the charging time 

needed to charge the groups 1 and 2 nodes 𝑖 and 𝑞 batteries is 

always within seconds. 

The scheduled nodes for information transmission in the 

group expend the RF energy harvested in a specific cycle to 

communicate their independent water-quality-related data to 

the sink node based on a transmission power defined by  𝑝𝑖  for 

𝑖 = {𝑖1, 𝑖2, … , 𝐼} and  𝑝𝑞  for 𝑞 = {𝑞1, 𝑞, … , 𝑄} respectively, 

and a duration of transmission of 𝛽. The received water-quality-

related data by the HPSSN may be advantageously utilized by 

the local users to gain a timely insight into the quality of the 

concerned water body. The details of received data could be 

seamlessly routed to remote locations through the usage of 

communication networks with internet capabilities. These 

provisions make it possible to efficiently track any possible 

changes in the quality of water as well as timeously detect if 

there are microbes and chemical manifestations - all these are 

essential for proactive decision making and management 

purposes in the event of contamination. Both group 1 and 2 

nodes are configured in a single-hop manner, such that each 

WQS node sends its independent information signal to the sink 

node at a scheduled cycle. The WQSs, indexed by 𝑖 and 𝑞, and 

the DPSs have a single omnidirectional antenna, and they are 

operate based on a NOMA model over the same unlicensed 

ISM frequency band. The in-built batteries of the WQSs is 

assumed to possibly contain reserved energy from the previous 

transmission block, and the quantity of the initial (or left-over) 

energy stored is represented as  𝑒𝑖 and  𝑒𝑞 for WQSs 𝑖 and 𝑞, 

respectively. Such energy is useful to support the transmission 

of data bits at the UL stage. As in [23] and [24], it is assumed 

in this work that the energy consumed for setting up the initial 

network is independent of the energy harvested as it is drawn 

from a battery which is not necessarily powered by energy 

harvesting, and consequently the initial energy is assumed to be 

0.  

The sensor positioning is carried out using a random 

approach, in contrast to a pre-determined deployment approach, 

to cater for the need of eventually placing the sensors at 

strategic points for optimal monitoring of the parameters of a 

water body site as described in Fig. 1. Consequently, this 

prompted the provision of a synthetic apparatus that gives room 

for the flow of the water body to be devised as similarly done 

in [8] and [25]. The devised provision creates a suitable 

platform to ease the deployment process of the WQSs and also 

facilitates the realization of the needed constant water flow. The 

purpose of the successive concept is an attempt to maximize the 

energy efficiency of the proposed system. To realize this, the 

system decides the enablement of a specific group of WQSs for 

data transmission and the one that is not expected to include in 

data transmission process at a particular time.  Note that the 

proposed WPSN model integrates a controller that has a global 

knowledge of the network resources, nodes including WQSs 𝑖 
and 𝑞 in groups 1 and 2, respectively, as well as a scheduler to 

enable either group 1 or group 2 for data communication in a 

cycle based on a pre-defined priority. It is important to point out 

that the controller updates its information about the network 

sensors for synchronization purposes, while the energy spent by 

the sensors for updating is drawn from the separate batteries. 

As in [4], [8], [20], this work has adopted the concept that the 

operation of the controller in switching on and off DPSs at an 

allocated time guards against any form of destructive 

interference due to the emission of RF energy, as well as 

updating the knowledge of the network nodes at the controller. 

Since the DPSs are specifically deployed in strategic locations, 

the knowledge of their locations is acquired by the controller 

during the configuration process of the DPSs, which is similar 

to the case of the base station controller and base stations 

configuration in a cellular network system [20]. Similarly, it is 

reasonable for the controller to know the sensor nodes in the 

network since they could make themselves aware to the 

controller during their first data transmission piggy-backed 

registration message to the controller, including their positions. 

Based on the described knowledge, it is practical that the 

controller perfectly knows the energy status of the sensors as 

the energy received from the DPSs by each sensor during a 

transmission block may be reported through each data 

transmission piggy-backed process. This approach helps to 

keep the status of sensors updated at the controller while 

incurring no signaling overhead.  
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3. Mathematical models 

 

3.1. Wireless channel model 

 

The new WPSN communication network assumes a static 

environment, therefore, the fading model adopted for modelling 

the DL channel gain from the  DPSs 𝑔  to the WQSs 𝑖 and 𝑞, 

and vice-versa for UL channel gain, is a quasi-static block. The 

model is applied to form the channel power gain between the 

DPSs 𝑔, and a WQSs 𝑖 and 𝑞. The channel between the 𝑔 and 𝑖 
as well as 𝑞 in the DL, including the opposite channel between 

𝑖 and 𝑔 and also 𝑞 and 𝑔 in the UL, are denoted by the complex 

channel gains 𝑏̃𝑔,𝑖 and  𝑏̃𝑔,𝑞,  and   𝑎̃𝑔,𝑖 and  𝑎̃𝑔,𝑞  respectively. 

The directional channel gains that results from the complex 

channel gains are now  𝑏𝑔,𝑖 = | 𝑏̃𝑔,𝑖|
2
 and 𝑎𝑔,𝑖 = | 𝑎̃𝑔,𝑖|

2
 and 

𝑏𝑔,𝑞 = | 𝑏̃𝑔,𝑞|
2
 and 𝑎𝑔,𝑞 = | 𝑎̃𝑔,𝑞|

2
 for group 1 and 2, 

respectively. As in [13], [20], [21], the DL channel links, i.e., 

the 𝑏𝑔,𝑖’s and 𝑏𝑔,𝑞’s as well as the UL channel links, i.e., the 

𝑎𝑔,𝑖’s and 𝑎𝑔,𝑞’s CSI are assumed to be perfectly known at the 

HPSSN, and based on the CSI knowledge at the transmitter side 

of  the HPSSN including the DPSs 𝑔, transmission of energy 

the WQSs 𝑖 and 𝑞 is achieved adaptively based on the channel 

states and the allocated duration transmission period. In the 

proposed NOMA scheme, the transmission duration 𝜏 is 

intended for energy transmission to all the WQSs 𝑖 and 𝑞 

simultaneously, while the transmission duration 𝛽 is dedicated 

to information transmission by one of the groups per cycle. 

 

3.2. Energy harvesting and data transmission models 

 

   The proposed NOMA scheme is developed to operate as a 

half-duplex protocol to effectively cater for harvesting and data 

communication purposes. For the harvesting of energy 

operation, a duration 𝜏 defined by 0 ≤ 𝜏 ≤ 1 is allocated to the 

DPSs to concurrently broadcast energy to the WQSs 𝑖 and 𝑞 at 

the same time in the DL, as well, a duration of 0 ≤ 𝛽 ≤ 1 is 

allocated for the transmission of information and is assigned to 

either 𝛽  ∈ {𝑖1, 𝑖2, … , 𝐼} or 𝛽  ∈ {𝑞1, 𝑞, … , 𝑄} to 

individually communicate their information at a scheduled 

period to the sink node  𝑔1 over either channel  𝑎1,𝑖   or   𝑎1,𝑞 in 

the UL. As a result of the concurrent transmissions at the UL by 

either group 1 or group 2 at the scheduled period, we consider 

a successive interference cancellation technique at the receiver 

to sequentially decode each of WQSs {𝑖1, 𝑖2, … , 𝐼} and 

{𝑞1, 𝑞, … , 𝑄} data signal and distinguish the data signals sent 

by differentiating the WQS nodes. Therefore, the total available 

EH duration as well data transmission duration is provided in 

(1) as: 

 

𝜏 + 𝛽 ≤ 1 ∈ group 1 ∪ group 2     (1) 

 

The power received at sensor  𝑖 from all the DPSs is modeled in 

(2) as: 

𝑥𝑔,𝑖 =  √𝑏𝑔,𝑖𝑥𝐴,𝑔 +  𝑧𝑖 , ∀𝑖            (2) 

In (2), 𝑥𝑔,𝑖 stands for the received power signal containing the 

RF energy from the DPSs, while 𝑧𝑖  stands for WQS 𝑖′𝑠  

background noise power. 𝑥𝐴,𝑔  stands for the complex random 

signal arbitrarily transmitted by a DPS and fulfils  

𝔼 [|𝑥𝐴,𝑔 |
2

] =  𝑃𝐴,𝑔 .  𝑃𝐴,𝑔  stands for the power of transmission 

of a DPS, and is large enough that the WQS 𝑖′𝑠  background 

noise power may be assumed negligible. As a result, the energy 

that WQSs  𝑖 could harvest from all the DPSs at the DL is 

formulated in (3) as: 

𝐸𝑖 =  𝜂𝑖 ∑ 𝑃𝐴,𝑔 𝑏𝑔,𝑖𝜏 + 𝑒𝑖 , ∀𝑖 
𝐺

𝑔=1
  (J)               (3) 

In (3), 𝜂𝑖 represents WQS 𝑖′𝑠 energy conversion efficiency, and 

for the purpose of simplicity the same efficiency is assumed for 

all WQSs. In consequence, equation (3) transforms to (4): 

𝐸𝑖 =  η ∑ 𝑃𝐴,𝑔 𝑏𝑔,𝑖𝜏 +  𝑒𝑖 , ∀𝑖 
𝐺

𝑔=1
             (4) 

By adopting the Shannon Hartley information theory, the 

number of data bits that may be transmitted by the WQS 𝑖 in 

group 1 is modelled in (5) as: 

           𝑟𝑖(𝝁, 𝑝𝑖 ) =   𝛽𝑊 𝑙𝑜𝑔2 (1 +  
𝑎1,𝑖  𝑝𝑖 

∑ 𝑎1,𝑑  𝑝𝑑+ 𝜎2
𝐼

𝑑=𝑖+1

),   

                                ∀𝑖 ∈ {𝑖1, 𝑖2, … , 𝐼}                                  (5) 

 

In (5), W stands for the system’s bandwidth,  𝑎1,𝑖   models the 

UL channel-link employed by the group 1 WQS 𝑖′𝑠  in  to 

individually broadcast their water-quality-related data signal to 

sink node 𝑔1 , 𝑝𝑖  stands for  WQS 𝑖′𝑠 transmission power, and  

the noise power the sink node received is defined by 𝜎2. The 

time resource allocation as well as the power resource 

allocation are formulated as vector 𝝁 ≜  [𝜏, 𝛽]𝑇 and vector  

𝑝𝑖 ≜ [ 𝑝1 ,  𝑝2, … ,  𝑝 I]
𝑇 , respectively. It is important to ensure 

that each WQS 𝑖  in group 1  meets its minimum quality-of-

service (QoS) rate for reliable data transmission, hence, the 

minimum required QoS rate set for the WQS 𝑖 is denoted by 𝑅𝑖, 

and is formulated in (6) as: 

 

         𝑟𝑖(𝝁, 𝑝𝑖 ) ≥ 𝑅𝑖 , ∀𝑖                  (6) 

In the subsequent achievable data transmission expression,  
𝑎1,𝑖  

𝜎2   

is represented by 𝑎̅1,𝑖. From (5), the sum of the number of data 

bits that the WQSs 𝑖  in group 1 could transmit is given in (7) 

as: 

 𝑅𝑠𝑢𝑚(𝝁, 𝑝𝑖 ) =  ∑  𝑟𝑖(𝝁, 𝑝𝑖 )
𝐼
𝑖=1 , ∀𝑖               (7) 

 

Also, since the operation of the WQS nodes is based on a 

successive method then the details of the WQSs in group 2 are 

provided as follows: 

 𝑅𝑠𝑢𝑚(𝝁, 𝑝𝑖 ) = 𝛽𝑊 𝑙𝑜𝑔2(∑ 𝑎̅1,𝑖
𝐼
𝑖=1  𝑝𝑖 + 1), ∀𝑖         (8) 

 

The power received at sensor  𝑞 from all the DPSs is modeled 

in (9) as: 

𝑥𝑔,𝑞 =  √𝑏𝑔,𝑞𝑥𝐴,𝑔 + 𝑧𝑞 , ∀𝑞           (9) 

The harvested energy by WQS  𝑞 at the DL during duration 𝜏 

from all the DPSs is modelled in (10) as:  

  𝐸𝑞 =  η ∑ 𝑃𝐴,𝑔 𝑏𝑔,𝑞𝜏 + 𝑒𝑞 , ∀𝑞  
𝐺

𝑔=1
  (J)          (10) 
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The number of data bits that WQS 𝑞 in group 2 could transmit 

is modelled in (11) as: 

           𝑟𝑞(𝝁, 𝑝𝑞) =   𝛽𝑊 𝑙𝑜𝑔2 (1 + 
𝑎1,𝑞  𝑝𝑞 

∑ 𝑎1,𝑑  𝑝𝑑+ 𝜎2
𝑄

𝑑=𝑞+1

),   

                                ∀𝑞 ∈ {𝑖𝑞 , 𝑖𝑞 , … , 𝑄}                                  (11) 

where W is the system’s bandwidth,  𝑎1,𝑞   denotes the UL 

channel model for WQS 𝑞  in group 2  to communicate their 

independently generated data to 𝑔1 , using a transmission power 

defined as  𝑝𝑞 as well as duration 𝛽. Thus, the power resource 

and the time allocation vectors are 𝑝𝑞 ≜ [ 𝑝1,  𝑝2, … ,  𝑝 𝐼]𝑇  and 

vector  𝝁 ≜  [𝜏, 𝛽]𝑇, respectively. To satisfy the minimum data 

bits QoS requirements of WQS 𝑞 for reliable data transmission, 

a minimum required QoS rate defined by 𝑅𝑞, is formulated in 

(12) as: 

 

         𝑞𝑖(𝝁, 𝑝𝑞 ) ≥ 𝑅𝑞 , ∀𝑞               (12) 

 

In the subsequent formulations, 
𝑎1,𝑞  

𝜎2  in (11) is denoted by 𝑎̅1,𝑞 . 

From (11), the sum of the amount of data bits that the WQS 𝑞  

in the group 2 could transmit can now be formulated in (13) as: 

 𝑅𝑠𝑢𝑚(𝝁, 𝑝𝑞 ) =  ∑  𝑟𝑞(𝝁, 𝑝𝑞 )
𝑄
𝑞=1 , ∀𝑞       (13) 

By combining (11) and (13), (14) is derived as: 

 𝑅𝑠𝑢𝑚(𝝁, 𝑝𝑞 ) = 𝛽𝑊 𝑙𝑜𝑔2(∑ 𝑎̅1,𝑞
𝑄
𝑞=1  𝑝𝑞 + 1),  ∀𝑞   (14) 

 

 

3.3. Power consumption model 

        
The model of the power consumption of the new WPSN in 

the DL and in the UL stages is considered in this part. The 

consumed energy in the DL is defined as 𝐸𝐷𝐿 , and characterizes 

the sum of the total consumed energy by  𝐸𝐷𝐿1 and  𝐸𝐷𝐿2 for 

group 1 and group 2, respectively. It includes the cost for the 

DPSs circuit consumption for hardware processing and the 

transmission power. Hence, the total consumed energy in the 

DL by all the WQSs 𝑖 in group 1 during EH can be modeled in 

(15) as: 

 E𝐷𝐿1(𝜏 , 𝑃𝐴,𝑔 ) = ∑ ( 𝑃𝐴,𝑔+ 𝑃𝑐  −  ∑ 𝜂(𝑏𝑔,𝑖  𝑃𝐴,𝑔 )

𝐼

𝑖=1

) 𝜏

𝐺

𝑔=1

,  

                           ∀𝑖  ∈ {𝑖1, 𝑖2, … , 𝐼}         (15) 

where 𝑃𝑐  is the DPSs’ circuit power. For practical purposes, 

the sum in (15) must be positive because of the law of energy 

conservation. 

Also, the total energy consumption of all the WQSs 𝑞 in 

group 2 in the DL is modeled in (16) as: 

 E𝐷𝐿2(𝜏 , 𝑃𝐴,𝑔 ) = ∑ ( 𝑃𝐴,𝑔+ 𝑃𝑐  −  ∑ 𝜂(𝑏𝑔,𝑞  𝑃𝐴,𝑔 )

𝑄

𝑞=1

) 𝜏

𝐺

𝑔=1

,  

                           ∀𝑞  ∈ {𝑞1, 𝑞2, … , 𝑄}        (16) 

Again, the sum must also be positive. 

Therefore, the overall consumed energy by both groups 1 and 2 

is modelled in (17) as: 

 

 E𝐷𝐿(𝜏 , 𝑃𝐴,𝑔 ) = ∑ ( 𝑃𝐴,𝑔+ 𝑃𝑐  −  ∑ 𝜂(𝑏𝑔,𝑖  𝑃𝐴,𝑔 ) +𝐼
𝑖=1

𝐺
𝑔=1

∑ 𝜂(𝑏𝑔,𝑞 𝑃𝐴,𝑔 )
𝑄
𝑞=1 )𝜏,    ∀𝑖   ∪ ∀𝑞           (17) 

 

The energy consumed in the UL stage during information 

transmission in cycle one by group 1 is denoted by  𝐸𝑈𝐿1, while 

 𝐸𝑈𝐿2 defines the energy consumed by group 2 at the UL stage.  

The scheduled WQSs 𝑖 for data communication spend the 

harvested energy to communicate their individual signals to the 

sink node using resources 𝑝𝑖  and 𝛽. Hence, the energy that each 

WQS 𝑖 in group 1 spent is formulated in (18) as: 

 𝑝𝑖  + 𝑝𝑖,𝑐  ≤  
𝐸𝑖 

𝛽
 , ∀𝑖           (18) 

In (18),  𝑝𝑖,𝑐 defines WQS 𝑖 circuit power consumption Hence, 

the total energy that the group 1 WQSs 𝑖 spent in the UL is 

modeled in (19) as: 

 

 E𝑈𝐿1(𝛽,  𝑝𝑖) = ∑ ( 𝑝𝑖  + 𝑝𝑖,𝑐 )𝛽𝐼
𝑖=1     (19) 

 

Also, for the group 2 WQSs 𝑞, the energy spent by each WQS 

𝑞 can be formulated in (20) as: 

 

 𝑝𝑞  + 𝑝𝑞,𝑐  ≤  
𝐸𝑞 

𝛽
 , ∀𝑞          (20) 

 

Note that  𝑝𝑞,𝑐 is the WQS 𝑞 circuit power consumption. 

 

Also, the total spent energy by the WQSs 𝑞 in group 2 in the 

UL is modeled in (21) as: 

 

 E𝑈𝐿2(𝛽,  𝑝𝑞) = ∑ ( 𝑝𝑞  + 𝑝𝑞,𝑐 )𝛽𝑄
𝑞=1    (21) 

 

At this point, it is key to emphasize that the total energy that the 

new WPSN spent in cycle 1 is independent of  E𝑈𝐿2 , therefore, 

by using (17) and (19), the total energy that the proposed system 

spent in cycle one is formulated in (22) as: 

 

 𝐸𝑡𝑜𝑡1 =   E𝐷𝐿(𝜏 , 𝑃𝐴,𝑔 ) +  E𝑈𝐿1(𝛽,  𝑝𝑖)  (22) 

 

 𝐸𝑡𝑜𝑡1 =   E𝐷𝐿(𝜏 , 𝑃𝐴,𝑔 , 𝛽,  𝑝𝑖) 

                         = ∑ ( 𝑃𝐴,𝑔+ 𝑃𝑐  −  ∑ 𝜂(𝑏𝑔,𝑖 𝑃𝐴,𝑔 ) +𝐼
𝑖=1

𝐺
𝑔=1

  ∑ 𝜂(𝑏𝑔,𝑞 𝑃𝐴,𝑔 )
𝑄
𝑞=1 )𝜏 + ∑ ( 𝑝𝑖  + 𝑝𝑖,𝑐 )𝛽𝐼

𝑖=1            (23)      

 

Also, by using (17) and (21), the total energy that the new 

WPSN spent in cycle two is independent of  E𝑈𝐿1 , and is 

expressed in (24) as: 

 

 𝐸𝑡𝑜𝑡2 =   E𝐷𝐿(𝜏 , 𝑃𝐴,𝑔 ) +  E𝑈𝐿2(𝛽,  𝑝𝑞)  (24) 

 

(24) implies that:  𝐸𝑡𝑜𝑡2 =   E𝐷𝐿(𝜏 , 𝑃𝐴,𝑔 , 𝛽,  𝑝𝑞) =  

       ∑ ( 𝑃𝐴,𝑔+ 𝑃𝑐  −  ∑ 𝜂(𝑏𝑔,𝑖  𝑃𝐴,𝑔 ) +𝐼
𝑖=1

𝐺
𝑔=1

        ∑ 𝜂(𝑏𝑔,𝑞 𝑃𝐴,𝑔 )
𝑄
𝑞=1 )𝜏 + ∑ ( 𝑝𝑞  + 𝑝𝑞,𝑐 )𝛽𝑄

𝑞=1        (25)      

 

Due to the successive mode of operation of the proposed WPSN 

system, problems (23) and (25) holds independently such that 

(23) is enabled in cycle 1, while (25) operates in cycle 2. 

 

4. Energy efficiency optimization problem 
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This part formulates the EE of the proposed WPSN system 

as an optimization problem to optimize the efficiency of the 

system. It is crucial to underline that EE is an essential metric 

in communication systems including WPSNs as it provides a 

platform for quantitatively measuring the data bits that are 

reliably transmitted at the transmitter to a receiver and the 

energy consumed. Note that the overall EE of a WPSN is 

affected by the number of WQM nodes present in the network, 

hence, the need for efficient resource allocation schemes for 

reducing the overall energy utilization so as to improve the EE 

of the system. Consequently, the EE of the new WPSN is 

maximized by determining the ratio of the system sum-data to 

the total energy consumption (bits/J). In this study, two EE 

optimization problems, P1 and P2, are formulated for the 

successive WQS nodes 𝑖 and 𝑞 in groups in 1 and 2, 

respectively. Based on (8) and (23), the EE of the system 

configured with the group 1 successive WQS nodes 𝑖 in cycle 

one is formulated in Problem (26) with respect to constraints 

(27) - (32) as: 

 

P1: max
𝝁,   𝑃𝐴,𝑔,   𝑝𝑖 

   
 𝑅𝑠𝑢𝑚(𝝁,𝑝𝑖 )

 𝐸𝑡𝑜𝑡1
            (26)

     

subject to: 

    𝜏 + 𝛽 ≤ 1               (27) 
0 ≤  𝑃𝐴,𝑔 ≤  𝑃𝑚𝑎𝑥             (28) 

       ( 𝑝𝑖  + 𝑝𝑖,𝑐 )𝛽 ≤  η ∑ 𝑃𝐴,𝑔 𝑏𝑔,𝑖𝜏 + 𝑒𝑖,
𝐺

𝑔=1
 ∀𝑖           (29) 

0 ≤  𝑝𝑖 ≤  𝑝̅𝑖 ,  ∀𝑖              (30) 

     𝜏 ≥ 0 , ∀𝑔  ∪ ∀𝑖               (31) 

𝛽 ≥ 0 ,  ∀𝑖 ∪  𝑔1              (32) 

P2 is formulated for the group 2 successive WQS nodes 𝑞 in 

cycle two in (33) based on (14) and (25), and is subject to 

constraints (27), (28), (34) – (37) as follows: 

 

P2: max
𝝁,   𝑃𝐴,𝑔,   𝑝𝑞 

   
 𝑅𝑠𝑢𝑚(𝝁,𝑝𝑞 )

 𝐸𝑡𝑜𝑡2
            (33)

     

subject to: 

    (27), (28), 

( 𝑝𝑞  + 𝑝𝑞,𝑐 )𝛽 ≤  η ∑ 𝑃𝐴,𝑔 𝑏𝑔,𝑞𝜏 +  𝑒𝑞   

𝐺

𝑔=1

 

∀𝑞 ∈  {𝑞1, 𝑞2, … , 𝑄}           (34) 

0 ≤  𝑝𝑞 ≤  𝑝̅𝑞 ,  ∀𝑞 ∈ {𝑞1, 𝑞2, … , 𝑄}     (35) 

     𝜏 ≥ 0 , ∀𝑔 ∈ {𝑔1, 𝑔2, … , 𝐺} ∪  

∀𝑞 ∈ {𝑞1, 𝑞2, … , 𝑄}           (36) 

𝛽 ≥ 0 ,  ∀𝑞 ∈ {𝑞1, 𝑞2, … , 𝑄} ∪  𝑔1      (37) 

 

 

The EE optimization problems in (26) and (33) are non-convex 

and their convexity may be difficult to derive due to their 

fractional structures, thus, a nature inspired-based method is 

adopted to seek efficient solutions to the EE optimization 

problems. 

 

 

 

 

5. Proposed solution 

 

To obtain optimal solutions to (26) and (33), they are further 

simplified and a meta-heuristic-based method such as particle 

swarm optimization (PSO) is employed. The PSO algorithm is 

suitable for solving non-convex optimization problems because 

of its computational efficiency in the context of processing 

speed, fast convergence rate, and better solutions when 

compared to other methods such as genetic algorithm (GA) and 

ant-colony optimization (ACO) algorithm [26]. This is due to 

the lack of evolution operators in PSO [27], which consequently 

limits the number of its parameters compared to others. 

 

Lemma 1: The power allocation problem for Problem (26) and 

(33) is solved for optimal EE when  𝑃𝐴,𝑔  is set to  𝑃𝑚𝑎𝑥.  

 

The proof of  𝑃𝐴,𝑔 =   𝑃𝑚𝑎𝑥 can be obtained in a similar manner 

as in [9] and [13], so that  𝑃𝐴,𝑔 =  𝑃𝐴,𝑔
∗  , 𝑝𝑖 =  𝑝𝑖

∗, and 𝑝𝑞 =  𝑝𝑞
∗ , 

and it is omitted here. Therefore (26) and (33) are rewritten in 

(38) and (39) as: 

 

𝐸𝐸 (𝜏, 𝛽, 𝑝𝑖 ) =
𝑊 𝑙𝑜𝑔2(∑ 𝑎̅1,𝑖

𝐼
𝑖=1  𝑝𝑖 +1)

∑ (
 𝑃𝑚𝑎𝑥+ 𝑃𝑐  − 

∑ 𝜂𝑏𝑔,𝑖 𝑃𝑚𝑎𝑥 + ∑ 𝜂𝑏𝑔,𝑞 𝑃𝑚𝑎𝑥
𝑄
𝑞=1

𝐼
𝑖=1

)𝐺
𝑔=1

𝜏

𝛽
 + ∑ ( 𝑝𝑖 + 𝑝𝑖,𝑐 )

𝑄
𝑞=1

      (38) 

 

 

𝐸𝐸 (𝜏, 𝛽, 𝑝𝑞 ) =

𝑊 𝑙𝑜𝑔2(∑ 𝑎̅1,𝑞
𝑄
𝑞=1  𝑝𝑞 +1)

∑ (
 𝑃𝑚𝑎𝑥+ 𝑃𝑐  − 

∑ 𝜂𝑏𝑔,𝑖 𝑃𝑚𝑎𝑥 + ∑ 𝜂𝑏𝑔,𝑞 𝑃𝑚𝑎𝑥
𝑄
𝑞=1

𝐼
𝑖=1

)𝐺
𝑔=1

𝜏

𝛽
 + ∑ ( 𝑝𝑞 + 𝑝𝑞,𝑐 )

𝑄
𝑞=1

        (39) 

 

Lemma 2: The EH duration allocation problem for (26) and 

(33) are solved for optimal EE when 𝜏 + 𝛽 = 1 [13]. 

 

Proof: Assume that the optimal time allocation 𝜏∗ + 𝛽∗ < 1 for 

(26) and (33) exists in solutions {𝜏∗, 𝑃𝐴,𝑔
∗ , 𝑝𝑖

∗, 𝛽∗}  and 

{𝜏∗, 𝑃𝐴,𝑔
∗ , 𝑝𝑞

∗ , 𝛽∗}, then feasible points { 𝜏̅∗, 𝑃̅𝐴,𝑔
∗ , 𝑝̅𝑖

∗, 𝛽̅∗} and 

{ 𝜏̅∗, 𝑃̅𝐴,𝑔
∗ , 𝑝̅𝑞

∗ , 𝛽̅∗} could be constructed when 𝜏̅ + 𝛽̅  = 1, 

 𝑃̅𝐴,𝑔  = 𝑃𝐴,𝑔
∗ , 𝑝̅𝑖 = 𝑝𝑖

∗, 𝑝̅𝑞 = 𝑝𝑞
∗ , as well as 𝜏̅

𝛽̅⁄  =  𝜏∗

𝛽∗⁄  . 

Considering the above scenarios, it is simple and 

straightforward to infer that the optimal time allocation for an 

optimal EE - denoted as 𝐸𝐸∗ - is achieved when 𝜏 + 𝛽 = 1 since 

𝐸𝐸 ̅̅ ̅̅ ̅ =  𝐸𝐸∗ will always hold. 

 

Based on Lemma 2, (26) and (33) are further reformulated by 

replacing 𝜏 with 1 − 𝛽 , as follows: 

 

max
(𝛽,𝑝𝑖 )  ∈ R1 ×S1

   𝐸𝐸 ( 𝛽, 𝑝
𝑖 

) =     

         
𝑊 𝑙𝑜𝑔2(∑ 𝑎̅1,𝑖

𝐼
𝑖=1  𝑝𝑖 +1)

∑ (
 𝑃𝑚𝑎𝑥+ 𝑃𝑐  − 

∑ 𝜂𝑏𝑔,𝑖 𝑃𝑚𝑎𝑥 + ∑ 𝜂𝑏𝑔,𝑞 𝑃𝑚𝑎𝑥
𝑄
𝑞=1

𝐼
𝑖=1

)𝐺
𝑔=1  (

1

𝛽
 − 1)  + ∑ ( 𝑝𝑖 + 𝑝𝑖,𝑐 )

𝐼
𝑖=1

     (40) 

 

max
(𝛽,𝑝𝑞 ) 

 ∈ R2 ×S2

   𝐸𝐸 ( 𝛽, 𝑝
𝑞 

) =     
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𝑊 𝑙𝑜𝑔2(∑ 𝑎̅1,𝑞

𝑄
𝑞=1  𝑝𝑞 +1)

∑ (
 𝑃𝑚𝑎𝑥+ 𝑃𝑐  − 

∑ 𝜂𝑏𝑔,𝑖 𝑃𝑚𝑎𝑥 + ∑ 𝜂𝑏𝑔,𝑞 𝑃𝑚𝑎𝑥
𝑄
𝑞=1

𝐼
𝑖=1

)𝐺
𝑔=1  (

1

𝛽
 − 1)  + ∑ ( 𝑝𝑞 + 𝑝𝑞,𝑐 )

𝑄
𝑞=1

  (41) 

 

subject to: 

(𝑝𝑖+𝑝𝑖,𝑐 )𝛽 ≤ η ∑ 𝑃𝑚𝑎𝑥 𝑏𝑔,𝑖(1 −  𝛽) + 𝑒𝑖 ,

𝐺

𝑔=1

 

∀𝑖 ∈  {𝑖1, 𝑖2, … , 𝐼}               (42) 

𝛽𝑊 𝑙𝑜𝑔2 (1 +  
𝑎1,𝑖  𝑝𝑖 

∑ 𝑎1,𝑑  𝑝𝑑+ 𝜎2
𝐼

𝑑=𝑖+1

)  ≥ 𝑅𝑖 ,     

∀𝑖 ∈  {𝑖1, 𝑖2, … , 𝐼}              (43)

 (𝑝𝑞+𝑝𝑞,𝑐 )𝛽 ≤ η ∑ 𝑃𝑚𝑎𝑥 𝑏𝑔,𝑞(1 −  𝛽) + 𝑒𝑞 ,
𝐺

𝑔=1
 

∀𝑞 ∈  {𝑞1, 𝑞2, … , 𝑄}              (44) 

𝛽𝑊 𝑙𝑜𝑔2 (1 +  
𝑎1,𝑞  𝑝𝑞 

∑ 𝑎1,𝑑  𝑝𝑑+ 𝜎2
𝑄

𝑑=𝑞+1

)  ≥ 𝑅𝑖,     

∀𝑞 ∈  {𝑞1, 𝑞2, … , 𝑄}              (45)

     

Note that: 

R1 = {𝛽| 0 ≤  𝛽 ≤ 1} 

S1 = {
{( 𝑝1,  𝑝2, … ,  𝑝 𝐼)|0 ≤  𝑝𝑖 ≤  𝑝̅𝑖 , ∀𝑖 ∈ 

{𝑖1, 𝑖2, … , 𝐼}
} 

R2 = {𝛽| 0 ≤  𝛽 ≤ 1} 

S2 = {
{( 𝑝1,  𝑝2, … ,  𝑝 𝑄)|0 ≤  𝑝𝑞 ≤  𝑝̅𝑞 , ∀𝑞 ∈ 

{𝑞1, 𝑞2, … , 𝑄}
} 

 

R1 × S1 is used to denote the product of the Cartesian of R1 and 

S1, and R2 × S2 defines the product of the Cartesian of R2 and 

S2. 

 

Lemma 3: The optimal time and power allocation for (40) and 

(41) can be achieved by: 

𝛽 = min{1, 𝑚𝑖𝑛
η ∑ 𝑃𝑚𝑎𝑥 𝑏𝑔,𝑖 + 𝑒𝑖  

𝐺

𝑔=1

η ∑ 𝑃𝑚𝑎𝑥 𝑏𝑔,𝑖 + 𝑝𝑖  + 𝑝𝑖,𝑐 

𝐺

𝑔=1

} ,  

∀𝑖 ∈ {𝑖1, 𝑖2, … , 𝐼}             (46)

    

𝛽 = min{1, 𝑚𝑖𝑛
η ∑ 𝑃𝑚𝑎𝑥 𝑏𝑔,𝑞 + 𝑒𝑞  

𝐺

𝑔=1

η ∑ 𝑃𝑚𝑎𝑥 𝑏𝑔,𝑞 + 𝑝𝑞  + 𝑝𝑞,𝑐 

𝐺

𝑔=1

} ,  

∀𝑞 ∈ {𝑞1, 𝑞2, … , 𝑄}             (47) 

 

Therefore, (46) and (47) satisfies the optimal(𝛽, 𝑝𝑖 ) , and 

(𝛽, 𝑝𝑞 ), respectively. 

 

In order to apply a PSO-based algorithm to (40) and (41), the 

problems are represented by EE(χ), and χ relies on variables 

(𝛽, 𝑝𝑖 ) and (𝛽, 𝑝𝑞 ) for groups 1 and 2, respectively.  Also, each 

individual WQS 𝑖 in group 1 is represented by a particle, and 

each  𝑖  is a potential solution to (40). The position of each 

particle 𝑖 is given by vector  χ𝑖 , and is represented using 

Cartesian coordinates (𝑥, 𝑦). The vector form for the position 

expression of particles 𝑖 which includes (1 ≤  𝑖 ≤ 𝐶 ) ∀𝑖 ∈ 

{𝑖1, 𝑖2, … , 𝐼}  is  χ𝑖 = [𝑥𝑖1  𝑥𝑖2
… 𝑥𝐼 Ƒ

]
𝑇

, where 𝐶 is the 

maximum number of particles, and Ƒ ∈   {𝑖1, 𝑖2, … , 𝐼}. Note 

that the position of each particle 𝑖 includes variables for the 

transmission time and power allocation in the objective 

function (40), as well as the constraints in (42) and (43).  χ𝑖  has 

a time index which is given by  χ𝑖 (𝑡). In addition to the 

position, each particle 𝑖 has a velocity which is represented by 

 υ𝑖 (𝑡). The  υ𝑖 (𝑡) is a vector that indicates the movement of 

each particle 𝑖 in terms of direction and distance. To determine 

the fitness value of 𝑖 for EE( χ𝑖 (𝑡) ) in each iteration, the position 

and the velocity of each particle 𝑖 is updated according to the 

proposed energy-efficient PSO-based model (EEPSOM) given 

in Algorithm 1. Analogously, each individual WQS 𝑞 in group 

2 is denoted by a particle that serves as a potential solution to 

(41). Each particle 𝑞 is defined by vector  χ𝑞  and represented 

by coordinates (𝑥, 𝑦). The vector form for the position 

expression of particles 𝑞 containing (1 ≤  𝑞 ≤ 𝐸 ) ∀𝑞 ∈ 

{𝑞1, 𝑞2, … , 𝑄}  is  χ𝑞 = [𝑥𝑞1  𝑥𝑞2
… 𝑥𝑄 H

]
𝑇
, where 𝐸 is the 

maximum number of particles, and H ∈   {𝑞1, 𝑞2, … , 𝑄}. The 

position of each particle 𝑞 includes the transmission time and 

power allocation variables in the objective function (41) and the 

constraints in (44) and (45). The time index and velocity of each 

particle 𝑞 is defined by χ𝑞 (𝑡)  and υ𝑖 (𝑡). The fitness value of 𝑞 

for EE( χ𝑖𝑞(𝑡) ) in each iteration is updated based on the proposed 

energy-efficient PSO-based model (EEPSOM) in Algorithm 1.  

In Algorithm 1,  c1 and c2  are used to denote the acceleration 

coefficients. In PSO, the standard value for each is 2. Also, ω is 

used to represent the initial coefficient which has a standard 

value of 1 [26], [24]. As already stated in the formulations, 𝜂 is 

the energy conversion efficiency. In Algorithm 1, 𝑉𝑚𝑎𝑥 is used 

to describe the maximum movement a particle can make during 

iterations, while B indicates the maximum iteration number. 

 

Algorithm 1. EEPSOM 

Require:   c1 ,  c2 , 𝜂 , ω , 𝑉𝑚𝑎𝑥 , C, B, E 

Solving for group 1 successive WQSs 𝑖 EE in cycle one 

1:  for 𝑖 = 1:C do 

2:       set t = 0 to begin the algorithm 

3:       generate feasible random particles  χ𝑖 (𝑡) with a velocity of  υ𝑖 (𝑡), 

such that  υ𝑖 (𝑡) is bounded by a lower bound of -𝑉𝑚𝑎𝑥  and an  

upper bound of 𝑉𝑚𝑎𝑥  

4:       calculate particle 𝑖′𝑠 fitness value, EE( χ𝑖 (𝑡) ) ,  using  the 

          fitness function based on (40), (42), (43) and set particle 𝑖′𝑠 

          best solution as χ̅𝑖𝑃𝑏𝑒𝑠𝑡(𝑡), up to the i-th iteration 

5:       choose the particle that has the best fitness value among the  

          particle 𝑖′𝑠 and set the best solution as χ̅𝑖𝐺𝑏𝑒𝑠𝑡(𝑡), up to the i-th  

          iteration 
6:       repeat 

7:  end for  

8:  for each particle 𝑖 do 

9:       set t = t + 1 

10:     calculate the particle velocity  υ𝑖 (𝑡 + 1) as: 

            υ𝑖 (𝑡 + 1) = ω  υ𝑖 (𝑡) +  c1  𝜂( χ̅𝑖𝑃𝑏𝑒𝑠𝑡(𝑡) − χ𝑖 (𝑡) ) 

                                      +  c2  𝜂( χ̅𝑖𝐺𝑏𝑒𝑠𝑡(𝑡) − χ𝑖 (𝑡) ) 

11:     update the position of each particle using:   

           χ𝑖 (𝑡 + 1) =   χ𝑖 (𝑡)  +  υ𝑖 (𝑡 + 1) 

12:  end for  

13:  for each particle 𝑖 do 

14:       if EE( χ𝑖 (𝑡)) ≫ (χ̅𝑖𝑃𝑏𝑒𝑠𝑡(𝑡) ) then 

15:              update χ̅𝑖𝑃𝑏𝑒𝑠𝑡(𝑡) =  χ𝑖 (𝑡) 
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16:       end if 

17:       if EE( χ𝑖 (𝑡)) ≫ (χ̅𝑖𝐺𝑏𝑒𝑠𝑡(𝑡) ) then 

18:              update χ̅𝑖𝐺𝑏𝑒𝑠𝑡(𝑡) =  χ𝑖 (𝑡) 

19:       end if 

20:   end for 

21:  repeat up until 𝑡 is greater than B 

22:  return χ̅𝑖𝐺𝑏𝑒𝑠𝑡(𝑡) 

23:  until convergence 

 

Solving for group 2 successive WQSs 𝑞 EE in cycle two 

24:  for 𝑞 = 1:E do 

25:       set t = 0 to begin the algorithm 

26:        generate feasible random particles  χ𝑞 (𝑡) with a velocity of  υ𝑞 (𝑡), 

 such that  υ𝑞 (𝑡) is bounded by a lower bound of -𝑉𝑚𝑎𝑥  and an  

   upper bound of 𝑉𝑚𝑎𝑥  

27:      calculate particle 𝑞′𝑠 fitness value, EE( χ𝑞 (𝑡) ) ,  using  the 

           fitness function based on (41), (44), (45) and set particle 𝑞′𝑠 

           best solution as χ̅𝑞𝑃𝑏𝑒𝑠𝑡(𝑡), up to the q-th iteration 

28:      choose the particle that has the best fitness value among the  

           particle 𝑞′𝑠 and set the best solution as χ̅𝑞𝐺𝑏𝑒𝑠𝑡(𝑡), up to the q-th  

           iteration 
29:      repeat 

30:  end for  

31:  for each particle 𝑞 do 

32:       set t = t + 1 

33:     calculate the particle velocity  υ𝑞 (𝑡 + 1) as: 

            υ𝑞 (𝑡 + 1) = ω  υ𝑞 (𝑡) +  c1  𝜂( χ̅𝑞𝑃𝑏𝑒𝑠𝑡(𝑡) − χ𝑞 (𝑡) ) 

                                      +  c2  𝜂( χ̅𝑞𝐺𝑏𝑒𝑠𝑡(𝑡) − χ𝑞 (𝑡) ) 

34:     update the position of each particle using:   

           χ𝑞 (𝑡 + 1) =   χ𝑞 (𝑡)  +  υ𝑞 (𝑡 + 1) 

35:  end for  

36:  for each particle 𝑖 do 

37:       if EE( χ𝑞 (𝑡)) ≫ (χ̅𝑞𝑃𝑏𝑒𝑠𝑡(𝑡) ) then 

38:              update χ̅𝑞𝑃𝑏𝑒𝑠𝑡(𝑡) =  χ𝑞 (𝑡) 

39:       end if 

  40:       if EE( χ𝑞 (𝑡)) ≫ (χ̅𝑞𝐺𝑏𝑒𝑠𝑡(𝑡) ) then 

   41:              update χ̅𝑞𝐺𝑏𝑒𝑠𝑡(𝑡) =  χ𝑞 (𝑡) 

   42:       end if 

   43:   end for 

   44:  repeat up until 𝑡 is greater than B 

   45:  return χ̅𝑞𝐺𝑏𝑒𝑠𝑡(𝑡) 

   46:  until convergence 
 

 

For the scheduling of group 1 and group 2 WQSs 𝑖 and 𝑞 for 

UL water quality data communication, a scheduling algorithm 

is implemented on the proposed WPSN system controller to 

enable either group 1 or group 2 in a cycle using a pre-defined 

scheduling priority. The scheduling algorithm is referred to as 

a successive scheduling algorithm for UL operation (SSAUL) 

and is presented in Algorithm 2. 

 

Algorithm 2. SSAUL 

1: Initialize:   group1 ≜ {𝑖1, 𝑖2, … , 𝐼} 

                       group2 ≜ {𝑞1, 𝑞2, … , 𝑄} 

                       group  ∈ {1, 2} 

                       groups ∈ group1 ∪ group2 

                       Maximum iteration group 𝜗 ∈ group2 

2: repeat 

3:    for group = 1; group <= groups; group++ do 

4:        if group = = 1 then  

5:        Initialize: 𝑖 = 0, schedule group1 in cycle one 

6:        repeat 

7:                set 𝑖 = 𝑖 + 1 to enable all 𝑖’s in group1 to simultaneously        
      transmit data to  𝑔1 

           until 𝑖 ≤  𝐼 

8:        return 
9:        end if  

10:      else if group = = 2 then 

11:      Initialize: 𝑞 = 0, schedule group2 in cycle two 

12:      repeat 

13:            set 𝑞 = 𝑞 + 1 to enable all 𝑞’s in group2 to simultaneously    

     transmit data to 𝑔1     

14:      until 𝑞 ≤  𝑄 

15:      return 

16:      end if 
17:    end for 

   18: until group < 𝜗 
 

 

The performance of the SSAUL algorithm has a complexity of 

𝓞(𝑔𝑟𝑜𝑢𝑝2), which indicates a linear complexity. This is an 

indication that the proposed scheduling complexity is tractable, 

low, and solvable in a linear time. The low complexity of the 

SSAUL algorithm is highly advantageous to the proposed 

system as it prevents the new system from being over-burdened. 
 

6. Simulation results and discussion 
 

The system is configured with the parameters in Table I to 

facilitate results comparison of the proposed successive WPSN 

system with a contemporary WPSN system [15].  

 
Table 1 Simulation settings 

 

Parameter Setting References 

DPS maximum transmit power,  𝑃𝑚𝑎𝑥 10 W  [14],[15] 

DPS circuit power, 𝑃𝑐  500 mW  [14],[15]  

Operating frequency 2.4 GHz  [15] 

Energy conversion efficiency, η 0.9 (ratio) [15] 

Sensor maximum transmit power, 𝑝̅𝑖 = 𝑝̅𝑞 1 W  [13],[15] 

Sensor circuit power,  𝑝𝑖,𝑐 =  𝑝𝑞,𝑐 10 mW  [13],[15] 

System bandwidth, W 20 kHz  [15] 

Initial energy, 𝑒𝑖  = 𝑒𝑞  0 J  [15] 

Channel path loss exponent, φ 2  [8],[14],[15] 

Noise power, 𝜎2 -110 dBm  [8],[14],[15] 

Minimum required throughput, 𝑅𝑖 = 𝑅𝑞 2 kbit/s   [15] 

 

The formation of the new WPSN system is comprised of the 

group 1 WQSs 𝑖, group 2 WQS 𝑞,  and the DPSs 𝑔, one of 

which is designated as the HPSSN. As in the reference WPSN 

system [15], the  WQSs 𝑖 and the WQSs 𝑞 both have a reference 

distance in meter to 𝑔1, and is defined as 𝑑𝑖 (m) = 𝑑𝑞 (m) = 2.5𝑖 

(m) = 2.5𝑞  (m), ∀𝑖 ∪  ∀𝑞  . Because of the DL and UL channel-

links reciprocity,  the channel-links are formed as  𝑏𝑔,𝑖 = 𝑎𝑔,𝑖 = 

10−1𝑑𝑔,𝑖
−φ

 for ∀𝑖  in group 1, and 𝑏𝑔,𝑞 = 𝑎𝑔,𝑞 = 10−1𝑑𝑔,𝑞
−φ

 for ∀𝑞  

 in group 2. In the formulated channel model, φ stands for the 

path loss exponent and is set to 2, while  𝑑𝑔,𝑖 and  𝑑𝑔,𝑞  defines 

the between a DPS 𝑔 and a WQS 𝑖  and 𝑞 in group 1 and group 

2. The EEPSOM algorithm was implemented using the PSO-

based model, and we define  𝑉𝑚𝑎𝑥  to be 10−3, and B to be 320.   

 

6.1. Performance comparison 

 

To investigate the efficiency of the proposed algorithm in 

terms of convergence, it was compared with two well-known 

meta-heuristic algorithms, namely GA and ACO. Also, for the 

purpose of validation, the new system was compared with the 

PSO work in [15]. The simulation parameters used are 𝑅𝑖 = 𝑅𝑞 
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= 2 kbits, a 4-sensor WPSN system powered by an HPSSN, 

with 𝑖 = 2 WQSs, 𝑞 = 2 WQSs, and all 𝑖 WQSs scheduled in the 

UL by the successive WPSN system using the SSAUL 

algorithm, and 4-sensor WPSN system with 𝐽 = 4 sensors.  

It is clearly observed from Fig. 2 that the EEPSOM algorithm 

outperforms other algorithms as it reaches its optimal solution 

quickly compared to the ACO and GA. The proposed EEPSOM 

algorithm achieved a significant increase in convergence 

iterations of 0.33% and 0.37% in comparison with the ACO and 

GA algorithms, respectively. This implies a substantial 

performance gain by the EEPSOM algorithm. 

Secondly, it appears clear that the achievable EE of the new 

system in Fig. 2 is greater than the reference system using the 

EEPSOM algorithm, and the average difference between the 

system EE of the proposed and the existing systems is 6.32%. 

This indicates that the performance gain of the EEPSOM 

algorithm is highly significant. This obviously shows the 

efficiency of the proposed system, and the employed PSO 

method. 

In addition, the proposed meta-heuristic-based resource 

allocation scheme was compared with another scheme 

presented in the work in [13] which is a non-meta-heuristic-

based resource allocation scheme, but an iterative Dinkelbach 

algorithm. To achieve this, both systems were investigated 

using the same configuration settings, and the outcomes of the 

two systems as indicated in Fig. 2 revealed the optimal 

efficiency of the proposed solution in a NOMA-based WPSN 

system over the time-division-mode-switching based WPSN 

system. The optimal performance gain is technically due to the 

efficiency of the proposed algorithmic solutions as well as the 

NOMA protocol. 

Moreover, to gain insight into the performance of the 

proposed system as a function of the initial energy, the proposed 

system’s performance is investigated when an initial energy is 

available (or reserved) in the sensors’ 𝑖 and 𝑞 in-built batteries 

from the previous transmission blocks. For this purpose, an 

initial energy of 0.02 J is assumed, and 𝑒𝑖  and 𝑒𝑞 are both set to 

0.02 J. As illustrated in Fig. 2, the magenta solid line plot with 

a diamond legend reveals the optimal EE performance gains of 

the proposed system when 𝑒𝑖  = 𝑒𝑞 = 0.02 J [14]. Note that the 

increase in the achieved EE is due to the fact that the available 

initial energy technically provided a room for more data bits to 

be transmitted, making the proposed system with an initial 

energy to achieve better optimal performance compared to the 

proposed system without an initial energy from the previous 

transmission blocks (here with a gain of about 0.72%). 

 

 
 
Fig. 2. Performance comparison of the proposed EEPSOM algorithm 

 

6.2. Impact of different data load on system EE 

 

This section investigated the effect of various data load to gain 

insights into the EE performance of the new system when the 

network is under a heavy load. Also, the new system is 

compared with the baseline work to further underline the 

contributions of the newly proposed solutions. For this reason, 

a configuration of 4-sensor WPSN system powered by an 

HPSSN, with 𝑖 = 2 WQSs, 𝑞 = 2 WQSs, and all 𝑖 WQSs 

scheduled in the UL by the successive WPSN system using the 

SSAUL algorithm, and 4-sensor WPSN system with 𝐽 = 4 

sensors is considered as the data load is varied from 𝑅𝑖 = 𝑅𝑞 = 

2 kbits to 𝑅𝑖 = 𝑅𝑞 = 16 kbits at an increment of 2 kbits. The 

outcomes of this investigation are described in Fig. 3. 

 

 
 

Fig. 3. Minimum required throughput versus system EE 

 

From Fig. 3, the EE of the proposed system as well as the 

baseline system is observed to experience a slight decrease in 

performance when the network is under a light load for instance 

2 kbits to 10 kbits, whereas the proposed system has a 

performance advantage of about 6.71%. Also, a significant 

decrease is observed under a heavy load, for example 10 kbits 
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beyond, as a result of higher minimum throughput QoS 

requirements to meet the demand of transmitting more data bits, 

but the proposed system maintains a performance advantage 

(6.56% at a load of 16 kbits). The comparison of the proposed 

solution and the baseline solution reveals that the newly 

proposed solution achieves a better performance with an overall 

gain of 6.64%, an indication of the efficiency of the proposed 

solution. 

 

In the subsequent experiments, the  𝑃𝑚𝑎𝑥  is set by the network 

manager to be 3W since it is more realistic and reasonable for 

WPSNs. For example, the existing DPS transmitters such as the 

Powercaster currently work at 1W to 3W, or the equivalent 

isotropic radiated power (EIRP). These are the acceptable 

transmission power levels in line with the regulations of the 

Federal Communications Commission. Although it is possible 

for the network nodes to harvest energy at higher power levels, 

the transmitters are not permitted by the current standards to 

transmit at higher power levels above 3W into air, so it is 

sensible to use this value as  𝑃𝑚𝑎𝑥 .   

 

6.3. Performance analysis of group 1 and group 2 scheduling 

 

The section investigates the performance gains of group 1 and 

group 2 in cycle one and two respectively by varying the 

transmit power used to broadcast a continuous sinusoidal signal 

containing an RF energy by the DPS. For this reason, group 1 

is configured as a 5-WQS WPSN containing 𝑖 = 3 WQSs and 𝑞 

= 2 WQSs, both 𝑖 and 𝑞 WQSs are enabled in the DL, while 

only 𝑖 WQSs are scheduled in the UL by the successive WPSN 

system in cycle one by employing the SSAUL algorithm. Also, 

group 2 is configured as a 5-WQS WPSN containing 𝑖 = 3 

WQSs and 𝑞 = 2 WQSs, both 𝑖 and 𝑞 WQSs are enabled for EH 

in the DL, while only 𝑞 WQSs are scheduled in the UL by the 

successive WPSN system using the SSAUL algorithm in cycle 

two. Both group 1 and group 2 𝑖 and 𝑞 WQSs are powered by 

an HPSSN ∈ {1W, 2W, 3W}  transmission power. The 

performance comparison results are presented in Fig. 4. 

 

 
 

Fig. 4. Performance analysis of group 1 and group 2 

 

From Fig. 4, it is noticeable that the performance gains of the 

system EE for both group 1 and group 2 significantly decreases 

as the transmit power of the HPSSN is increased from 1W to 

3W. This is due to the fact that increase in the transmit power 

simultaneously increases the level of the energy consumption 

for WET because of the wireless channel propagation. This 

phenomenon reveals that large transmit power increases energy 

consumption in the DL during energy transfer, and reduces the 

EE performance of the system. Also, the two configurations 

were compared and it was observed that group 2 with fewer 

WQSs in the UL achieved a better system EE compared to the 

group 1 with a high number of 𝑖 WQSs in the UL. This reveals 

that the incremental increase of the number of WQSs scheduled 

for data communication in the UL contributes to the overall 

energy consumption, and consequently impacts the EE 

performance of the system. 

 

 

6.4. Effect of circuit power consumption and transmit power 

 

An investigation into the impact of circuit power consumption 

and transmit power on the system EE performance is carried out 

for a 5-node WPSN containing 𝑖 = 3 WQSs, 𝑞 = 2 WQSs in the 

DL, 𝑖 = 3 WQSs in the UL in cycle one for group 1, and 

containing 𝑖 = 3 WQSs, 𝑞 = 2 WQSs in the DL, 𝑞 = 2 WQSs in 

the UL in cycle two for group 2. Both systems are powered by 

an HPSSN ∈ {3W} transmission power. In each experiment, 

during cycle one and two, the circuit power consumption of 

WQSs 𝑖 and 𝑞 is fixed, while the transmit power of 𝑖 and 𝑞 

WQSs for transmitting their individual signals is varied. The 

outcomes of the investigation are described in Fig. 5. 

 

 
 

Fig. 5. Effect of circuit power consumption and transmit power 

 

It is noticeable from Fig. 5 that the incremental of the WQSs 𝑖 
transmit power against a fixed value of the WQSs 𝑖 circuit 

power consumption reveals a trade-off between the system EE, 

total energy consumption, and the sum-throughput such that 

increasing the transmit power of WQSs 𝑖 increases the overall 

energy consumption of WQSs 𝑖 during data communication in 

the UL in cycle one for group 1, decreases the system EE, and 

increases the sum-throughput. The main reason for the decrease 
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in the system EE is because of the overall increase in the total 

energy consumption. Also, the same decrease in the system EE 

in cycle one was also encountered in cycle two for group 2 as 

the transmit power of WQSs 𝑞 increases over a fixed value of 

the WQSs 𝑞 circuit power consumption. This is due to the 

similarities in the wireless channel conditions of WQSs 𝑖 and 𝑞. 

Thus, for both successive group 1 and group 2, lower transmit 

power of WQSs 𝑖 and 𝑞 decreases the achievable throughput. It 

was also observed that the WPSN system scheduled for cycle 

two had an improved system EE performance gain compared to 

the one scheduled for cycle one. The improved EE result for 

cycle two could be attributed to number of 𝑞 WQSs scheduled 

by the system in the UL. 

 

 

 

6.5. Impact of multiple DPSs on system EE 

 

The impact of multiple DPSs on the EE performance of the 

proposed system is studied in this section for two configurations 

including a 5-WQS WPSN containing 𝑖 = 3 WQSs, 𝑞 = 2 WQSs 

in the DL, WQSs 𝑖 scheduled in the UL in cycle one for group 

1, and a 5-WQS WPSN containing 𝑖 = 3 WQSs, 𝑞 = 2 WQSs in 

the DL, WQSs 𝑞 scheduled in the UL in cycle two for group 2. 

These successive WPSN systems are powered by multiple 

DPSs by varying the number of the allocated DPS from one to 

three. Note that the  𝑃𝑚𝑎𝑥 of the DPS is equal to 3W The 

outcomes of this investigation are described in Fig. 6. 

 

 
 

Fig. 6. Number of DPS versus system EE 

 

From Fig. 6, it is evident that the performance of the system EE 

increases as the number of the allocated DPS is increased. This 

is because more DPSs in the DL causes lower energy loss 

because of good wireless channel states, and this consequently 

reduced the total energy consumption of the system. Also, with 

more DPSs, more energy can be harvested by the WQSs 𝑖 and 

𝑞 over a short duration, and also the exploitation of more DPSs 

as well technically addressed the inherent fundamental doubly-

near-far issue in WPSNs as the harvested energy fairness rate 

among WQSs 𝑖 and 𝑞 scheduled for EH in the DL is increased 

compared to the case of a single DPS that mostly suffers from 

poor wireless channel conditions. Furthermore, since the WQSs 

are able to harvest more energy in the case of multiple DPSs 

then large data bits can be supported in the UL. Note that more 

DPSs in the context of the considered scenario reveals a trade-

off between EE and total energy consumption as the 

incremental of DPS increases the system EE performance gain 

in the two cycles and reduces the energy expenditure of the DL 

operations. 

 

 

7. Conclusion 

 

This study has dealt with the energy scarcity issue and as well 

enhanced the energy efficiency of a successive WPSN system 

devoted to WQM. Based on the proposed method, the new 

WPSN system reveals interesting simulation results. For 

example, the proposed EEPSOM algorithm outperforms the 

state-of-the-art contemporary meta-heuristic-based system in 

[15] and a non-meta-heuristic-based system in [13] when 

compared for a 4-WPSN system. The proposed successive 

WPSN system achieved encouraging energy utilization results. 

It is key to emphasise that this study has provided a context 

for further interesting research problem such as the 

investigation of the energy efficiency performance of a NOMA-

based WPSN system when there is a need to perform an 

operation like re-routing since such an operation may impact 

the EE energy performance of the system and is also expensive 

in the context of time and energy costs. 
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