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Abstract: In energy-harvesting wireless sensor network (EH- 

WSNs), sensor nodes (SNs) are rechargeable. But, the 

harvesting techniques used for recharging SNs’ are dynamic 

and may not provide evenly harvested energy to all sensors. 

Thus, maximizing quality data-collection (MQDC) is an 

interesting issue under energy harvesting constraints. In this 

article, we focus on this issue to solve. We consider a 

mobile-sink (MS) that moves on a constrained-path for 

collecting SNs’ data periodically.  The SNs are distributed 

nearby the constrained-path. This scenario may exist in various 

real-world applications, such as traffic monitoring, 

environment monitoring and health monitoring of large 

buildings or bridges, etc. We transform the MQDC problem into 

a network-utility maximization problem. We then prove that the 

converted problem is an NP-hard. Thereafter, we develop a 

heuristic algorithm, referred to as Maximizing Quality Data- 

collection using Constrained-path Mobile-Sink (MQDCPMS), 

to solve it. We address the effect of change in the speed of MS on 

the quality data-collection. Finally, through extensive 

simulations, we find that the MQDCPMS algorithm maximizes 

the quality data-collection comparatively better than other 

baseline algorithms. 

Index Terms: EH-WSNs, Quality data-collection, 

Mobile-sink, Utility maximization, Heuristic algorithm.  

I. INTRODUCTION 

  Recently, a wireless sensor network is emerging as a 

prominent technology for various real-life applications, for 

instance, intelligent traffic monitoring [1], forest fire 

monitoring [2], and environmental monitoring, etc. [3]. The 

network comprised of limited battery-powered sensor nodes 

(SNs) and a base- station (BS). The SNs sense data from their 

environment which might not be feasible for the large-scale 

WSNs. One   of the possible solutions is the replacing of SNs’ 

batteries. However, in some critical application 

environments, replacing SNs’ batteries is a costly affair and 

sometimes may become impossible. In order to make the 

operations uninterrupted [4]–[6], another solution is the use 

of rechargeable SNs in the network, where the SNs harvest 

energy from their external environment such as wind system 

and solar panel system, etc. However, the dynamic 

characteristics of harvesting technique in energy-harvesting 

sensor networks (EH-WSNs), poses major challenges in the 
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quality data collection for such networks [5], [7]. 

In conventional WSNs, data collection technique is some- 

times non-reliable as the network connectivity is not 

guaranteed. In addition, the SNs nearby the BS (base-station) 

have to relay more data traffic due to multi-hop 

transmission. Thus, they may be failed eventually due to the 

rapid depletion of their energy.  

To mitigate these issues, a mobile-sink (MS) based 

mobility is introduced for data collection [8] in EH-WSNs. 

Existing studies have shown that the exploitation of MS for 

collecting sensed-data can improve the performances of the 

network such as data throughput [9], [10], and quality [11], 

[12]. However, due to the dynamics in energy harvesting, the 

WSNs researchers have been focusing on quality data 

collection for improving the performances of EH-WSNs 

[13], [14]. Therefore, maximizing quality data collection has 

been a key problem [15] in EH-WSNs, as the increment in 

network lifetime, is not an issue in such networks [12], [16]. 

For an application example, in Fig. 1, sensors are 

distributed nearby the trajectory-path Pms of MS to sense 

data. The MS moves on the Pms at a constant speed for 

collecting data from sensors via a single-hop relay. The 

objective is maximizing the quality data-collection from the 

directly reachable sensors. As a more quality data collection 

implies a more accurate estimation.  

 

Fig 1. An example of Energy-harvesting wireless sensor network. 

 

The major contributions are therefore summarized as 

follows: 
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1) Propose a quality data-collection (MQDC) problem  

using a constrained-path MS with a fixed-speed. 

2) Propose a heuristic algorithm referred to as 

Maximizing Quality Data-collection using constrained 

path Mobile- Sink (MQDCPMS). 
 

The rest parts of our work are organized as follows: the 

related works of data-collection problems using MS in EH- 

WSNs are surveyed in section II. In section III, the network 

model, the proposed problem formulation and its 

NP-Hardness is presented. Section IV explains the solution 

of MQDCPMS algorithm and its run-time complexity. 

Section V presents the implementation-detail of MQDCPMS 

and its performances by simulation experiments. Finally, 

section VI infers our proposed work. Recently, various 

studies have been investigated on different kinds of data 

gathering techniques in EH-WSNs using mobile-sink(s) 

(MSs) [9], [16]–[18]. They have shown that they can 

improve the performances of the network. In [19], a link- 

scheduling optimization model is developed to maximize the 

data gathering in EH-WSN. The author’s et al. in [19] 

exploited star topology for the communication network and 

proposed a super-frame structure for the base station to 

collect data. However, sensors used in the network are 

mobile. In our work, sensors are statics. 

II. RELATED WORKS 

Recently, various studies have been investigated on 

different kinds of data gathering techniques in EH-WSNs 

using mobile- sink(s) (MSs) [9], [16]–[18]. They have shown 

that they can improve the performances of the network. In 

[19], a link- scheduling optimization model is developed to 

maximize the data gathering in EH-WSN. The author’s et al. 

In [19] exploited star topology for the communication 

network and proposed a super-frame structure for the base 

station to collect data. However, sensors used in the network 

are mobile. In our work, sensors are statics. 

In [17], a set of sensors and some sojourn (stop) locations 

are deployed in the network. There is a controllable-path 

mobile-sink MS which collects sensed-data from sensors in 

SNs by staying at the sojourn locations. The authors et al. in 

[17] developed a heuristic algorithm for finding a tour of MS 

and the scheduling time of the sojourn locations, such that 

data throughput of the network is maximized. But, the 

data-throughpu t improved by the algorithm is not 

significant. In our work, the path of MS is constrained not 

controllable. In [16], Ren et al. proposed a maximizing 

data-collection problem in EH-WSNs using 

constrained-path mobile-sink. They first transformed the 

maximizing data-collection problem into a generalized 

assignment problem and then solved it by developing a better 

approximation algorithm. Similar to this problem, the 

authors in [9], [18] eliminated the constraints of fixed 

time-slot period and common communication range for 

maximizing the data-collection of the network. They 

converted their problems into nonlinear programming 

(NLP) problems by considering the acceleration and 

deceleration time duration and the data delivery latency. 

However, in this work, the amount of data-collection is 

maximized, which is different from quality data 

maximization. In our proposed work, we are maximizing the 

quality data collection in EH-WSNs. In [13], a distributed 

algorithm is proposed for maximizing the quality data 

collection in EH-WSNs. They first determined anchor points 

among sensors based on the sensor’s energy level and data 

availabilities and given delay time. However,   in their work, 

multi-hop communication relay is used for data forwarding 

among sensors and MS and the trajectory-path of MS is 

controllable, on the other hand, in our work, the 

trajectory-path of MS is fixed. 

In [11], [12], the MS moves along a fixed trajectory-path 

for collecting sensed-data through single-hop periodically in 

an EH-WSN. The speed of MS is fixed. The objective of [11], 

[12] is to maximize the quality data-collection using a 

constrained-path MS. They developed heuristic algorithms 

for the problem. Addressing a similar problem, Zhang et al. 

[20] formulated their devised problem as an approximated 

network-utility maximization problem, and thereafter 

devised a distributed data-collection method to solve. 

However, in these works, the time-slot assignment is based 

on the sensors’ current energy and the amount of past data 

transmitted and the data availabilities that can be sent to the 

current slot. In our work, to allocate the time-slot for the 

sensors, we not only consider their current energy, the 

amount of past data transmitted and current data 

availabilities but also future data transmission capabilities. 

III. NETWORK MODEL AND PROBLEM 

FORMULATION 

We consider an EH-WSN as a directed communication 

graph G = (RS ∪ MS, E), as shown in Fig 1. The set RS = 

{rs1, rs2,..., rsn} denotes stationary deployed sensor nodes 

with communication radii {cr1, cr2, . . . , crn} along a 

constrained-path PMS. The path PMS has fixed path-length L. 

The MS is a mobile-sink used for collecting sensed-data. It 

moves on the path PMS at speed V for collecting sensed- data 

from SNs in set RS via single-hop relay. The mobile- sink MS 

has enough computational power, sufficient energy and 

memory capacity. In addition, it is well aware about the 

communication range and the maximum battery capacity of 

each sensor rsi ∈ RS beforehand. There exist transmission 

links in E for SNs in set RS when the MS is within their 

communication regions. The MS receives data from a sensor 

rsi ∈ RS when it passes through the transmission range cri of 

the sensor rsi. 

 Each sensor rsi has a rechargeable battery with a 

maximum capacity C(rsi), to harvest energy. The renewable 

energy sources can be thermal energy, wind energy or solar 

energy. Moreover, every sensor is sensing data continuously 

from the sensing environment, but, we here consider the 

total amount of data that will be gathered by MS during a 

complete path- traversal since the same technique can be 

further exploited    to determine data-collection for the next 

subsequent rounds.  
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Further, the trajectory-path PMS is a smooth line segment that 

can be easily customized for real-application scenarios. In 

this article, the complete traversal of path PMS by the MS is 

referred to as a round. 

Given the mobile-sink’s speed V and the trajectory-path 

PMS, the time duration per round TDG is considered as 

discrete and is determined as 

                                     TDG   = 
V

L
                                    (1) 

 

Further, it is slotted into m =TDG  / τ number of time-slots 

where each time-slot is at-most τ seconds [21]. Let a set Ts = 

{t1, t2. . . tm} denote a set of time-slots per  

 

 

 

 

 

 

 

 

 

 

 
Fig 2. An example of time-slots, on the path, covered by sensors rsi  and rsj 

 

The MS broadcasts messages at the start of each time-slot 

and gets acknowledgment of locations and energy-budgets of 

the sensors whose communication ranges cover the path PMS 

partially in that time-slot. In this way, the MS detects the 

sensors those can send their sensed-data in each time-slot. 

Further, let A (rsi) denote a set of succeeding time-slots along 

the trajectory-path PMS. It is noted that, in some time- slots, 

more than one sensor may transmit their data to the MS, as in 

Fig 2. Therefore, to avoid a collision in each time-slot 

 tj ∈ A (rsi), the MS will collect data from only one of them. 

Therefore, with the aim of maximizing the data delivery 

contribution of every sensor rsI ∈ RS, we have to allocate 

time-slots in set Ts to every sensor.  

A. Energy-harvesting and consumption model 

In this article, the energy of a sensor rsi ∈  RS is consumed 

only in the transmission of data [12]. To support 

uninterrupted service in each round, a sensor must have an 

adequate amount of energy for data transmission [4]. We 

consider that the rate of energy-harvesting of all sensors is 

lower the rate of their energy-depletion. In addition, they 

update their energy at the start of every time-slot. Due to 

dynamic harvesting nature, the energy-harvesting rate is not 

perfectly deterministic. It is based on the source types and 

previous harvesting details [9]. 

Let Bi(ti) be the available energy of a sensor rsi at the start 

of time-slot tk. Let Hi(tk−1) and Qi(tk−1) denote the amount 

of energy-harvested and energy-consumed at the (tk−1) time- 

slot, where 0  ≤  Bi (tk−1)  ≤  C (rsi).Thus, Bi(tk) is expressed 

as: 

 

Bi (tk) = min (Bi (tk−1) + Hi (tk−1) + Qi (tk−1),C(rsi).      

(2) 

In other words, the harvested energy amount of a sensor 

should be less than its battery capacity in every time-slot [9]. 

To achieve perpetual operations, a sensor should not 

consume more energy than it can deliver data. Therefore, the 

estimation of energy-budget (tj) of a sensor rsi at time-slot tj 

is defined as: 








1^

)}(),(min{)(
j

j

t

qtk

ijiji rsCtBtB  ,     (3) 

where α be a constant and  q is number of preceding 

time-slots. 

 

B. Network-utility 

As the energy harvesting rate of a sensor is dynamic, a 

sensor with sufficient energy harvesting rate may get more 

chances for delivering its data to the MS within the time 

duration TDG, while another sensor with too low energy may 

never have any such chances. Consequently, collecting total 

data from all sensors within time TDG  may be biased, which 

in turn may depict the data-landscape view of the network. 

Hence, for characterizing the impact of sensed- data 

collected from each sensor and minimizing the largest 

difference between the amounts of data transmitted by any 

two nodes, we present a network-utility function  U . The 

function  U  is non-decreasing and a concave function. 

Let irsDP
 be the amount of data which is already sent by 

the sensor rsi to the MS in the past, irsDC
 denote the amount 

of data available to send currently by rsi to the MS. And, let 

irsDF
denote  the  amount  of  data  which  can  be  sent  in  the 

future  to  the  MS  for  some  subsequent  time-slots.  Let   

irsD express as. 

 

iiiiii rsrsrsrsrsrs DFDPDFDCDPD  )()( (4

) 

 

Then, the network-utility accrued by the sensor rsi will be 

expressed as:  

             
ii

rsrs DDU )(                        (5) 

And, the accumulated sensors’ network-utility will be ex- 

pressed as: 





n

i

rsitotal DU
1

                            (6) 

 which is strictly concave. 

C. Problem definition 

Given an energy-harvesting network G and a set of time- 

slots Ts = {t1, t2.  . . tm} per round in which the MS can collect 

data, our objective is maximizing the network-utility by 

assigning the time-slots to each sensor under the following 

constraints: 

 

 

 

 

rsj 
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Path of mobile-sink 
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 For a given time-slot tj Ts,  a sensor rsi RS can send  

 its data to the MS only when the MS is within its 

 communication range. 

 A sensor rsi is allowed to transmit data for a set of 

 possible time- slots A (rs1) ⸦ Ts. 

 If more than one sensors share the same time-slot, then 

 at-most one of them can deliver its data to the MS. 

 A sensor cannot consume more energy than its energy- 

budget per time interval. 

 

We refer the stated problem as maximizing quality data- 

 collection (MQDC) problem. 

 

Theorem 1. The MQDC problem in EH-WSN is an 

NP-Hard. 

 

Proof:  To prove the theorem, we show that the 

generalized assignment problem (GAP) is a special instance 

of the MQDC problem. Let us consider an instance of GAP, 

where there can  be  a  set  of  jobs  J  ={ J1, J2, . . . , Jm } and  

a  set of agents A =  {A1, A2, . . . , An}  with resource capacities 

B = {b1, b2, . . . , bn} , where for each job Jk ∈ J  and an agent 

Aj ∈ A, bjk  is the amount of resources used by Aj   to perform 

job Jk and pjk  be the profit achieved if job Jk is assigned to Aj, 

the goal is to assign jobs in set J to the agents in set A such 

that total earned profit is maximized, subjected to the 

capacity limit of each agent. 

We formulate a corresponding MQDC problem by 

assuming that every sensor is able to deliver its sensed-data 

in all time-slots of set Ts, where jobs are modeled as 

time-slots, sensors and their energy-budgets are modeled as 

agents and their resource capacities. Furthermore, for a 

time-slot tk and a sensor rsj, the energy-depletion of the 

sensor rsj is bjk, if the sensor rsj is allowed to transfer pjk 

amount of data within a time-slot tk. Therefore, the MQDC 

problem is reducible into GAP; hence, it is NP-hard. 

IV. PROPOSED SOLUTION 

So, each sensor can deliver data only when the time-slots 

are assigned to it. In this algorithm, at every iteration, we 

examine a single time-slot for assigning it to at-most sensor. 

This process repeats until all the time-slots have been 

assigned to sensors. Later, we will describe in detail how to 

assign a time-slot among all given time-slots. For a given 

time-slot tj, let N(tj) = {rsi | tj ∈ A(rsi)} denote a set of 

candidate sensors that can transmit their data to the time-slot 

tj. So, if N(j) = Φ, implies that no any sensor can send its data    

at time-slot tj. This may occur either because all sensors can’t 

communicate with the MS or because they don’t have 

sufficient energy-budgets to transmit data. Otherwise, the 

time- slot tj is assigned to sensor rsi ∈ N(tj). The process for 

selecting the sensor rsi among all sensors in set N(tj) as 

follows 

As stated earlier,  
ii

rsrs DDU )(  which is nothing but 

equals to 

   
iiiii rsrsrsrsrs DFDPDFDCDP  )(   

is the utility gain of the sensor rsi by allocating time-slot tj to 

it for transmitting its data. For maximizing the 

network-utility, we assign time-slot tj to the sensor which has 

maximum utility gain among all sensors in set N (tj). 

 

The summarized form of MQDCPMS algorithm is pre- 

sented as follows: 

 
A. Complexity analysis 

Theorem 2. The Run-time complexity of MQDCPMS 

algorithm is O(mn). 

 

Proof. In MQDCPMS algorithm, at each iteration, a 

single time-slot tj will be assigned, which takes O(n) time 

com- plexity due to the creation of a set N(j) and determining 

a potential sensor in N(j). The size m of the time-slots in set 

Ts determines the total number of iterations of MQDCPMS 

algorithm. Hence, the overall run-time complexity of 

MQDCPMS is O(mn). 

V. PERFORMANCE EVALUATION 

We here evaluate the quality data-collection performance of 

the proposed algorithm MQDCPMS by comparing with C- 

schedule algorithm [12] in terms of network-utility 

throughput. The simulation experiments of the algorithm 

MQDCPMS are implemented in MATLAB. We analyze the 

effect of change in network size and the change in MS speed 

on the network- utility metric. 

A. Experimental setup 

For the simulation experiments, we have considered an 

EH-WSN that consists of 100-600 sensors (SNs) randomly 

distributed nearby the constrained-path of MS. The length of 

the constrained -path is 1800m.  
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The locations of all SNs are at-most 190m away from the MS 

path. The common transmission range of all sensors is set to 

200m. The various speeds of MS are considered in analyzing 

the network-utility performance of the network. A solar 

panel with dimension 10mm x 10mm is used for powering 

each sensor. The battery-capacity of each sensor is 10,000J 

(Joules). The data availability of a sensor is a random value 

within 250-1000Kb. In this work, the energy transmission 

cost is set to 300mJ/sec.  

 

The different data-transmission rates of sensors are defined 

as follows. In the range of 0-20m, the data- transmission rate 

is 250Kbps, in the range of 20-50m, it is 19.2Kbps, in the 

range of 50-120m, it is 9.6 Kbps, and in the range of 

120-200m, it is 4.8 Kbps. The duration of each time-slot is 

set to 1s. 

 

B. Impact of network size on Network-utility 

We evaluate the quality data-collection performance of the 

MQDCPMS algorithm and compare it with the algorithm C- 

schedule [12] in terms of network-utility throughput. As 

shown in Fig 3, For the MS speed at 5m/sec, the 

network-utility of MQDCPMS and C-schedule increases 

with the increment in the network size. In addition, the 

MQDCPMS algorithm has more network-utility than the 

C-schedule algorithm. This is because the MQDCPMS uses 

comparatively better utility function compared to 

C-schedule. The MQDCPMS not only uses past and current 

data availability, but also future data for minimizing the 

largest difference between the amounts of data transmitted 

by the two nodes. We here evaluate the impact of change in 

MS speed on network-utility for MQDCPMS algorithm. Fig. 

4 presents that with the increments in MS speed, the 

network-utility decreases. This is so because, at low speed, a 

number of time- slots become available for the sensors. 

However, this will cause a longer delay on data-collection 

 

Fig. 3. Network-utility for MS speed 5m/sec 

 

C. Impact of MS speed on Network-utility 

 

We here evaluate the impact of change in MS speed on 

network-utility for MQDCPMS algorithm. Fig. 4 presents 

that with the increments in MS speed, the network-utility 

decreases. This is so because, at low speed, a number of time- 

slots become available for the sensors. However, this will 

cause a longer delay on data-collection. 

 
 

Fig. 4. Network-utility for distinct MS speeds 

VI. CONCLUSION. 

We studied our proposed MQDC problem in an EH-WSN 

with a fixed-path mobile-sink MS. To prove NP-hardness, 

we converted the problem MQDC into the GAP problem. 

Then, we proposed MQDCPMS algorithm to solve this. In 

MQDCPMS, we have considered different parameters such 

as current energy level, historical amount of data 

transmitted, the current amount of data to be transmitted and 

future amount of data that can be transmitted with the utility 

function for the slot time allocation. The experimental 

results are the average of 25 distinct topologies of same size 

network. The results reveal that the algorithm MQDCPMS 

is more effective than the existing one. As future work, 

determining a trajectory-path for MS in large-scale 

EH-WSNs supporting single-hop relay through theoretical 

as well as experimental analysis can be considered. 
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