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ABSTRACT 
All of the information gathered by the sensor nodes in wireless sensor networks (WSNs) is sent 
to a sink node. As a result, the location of the sink node greatly affects the amount of energy 
used and the lifespan of WSNs. This study examines the placement methods for sink nodes that 
are lifetime- and energy-oriented in single-hop and multiple-hop WSNs, respectively. The 
lifetime-oriented method places a far greater emphasis on the lifespan of the nodes that 
consume energy at the fastest rate than the energy-oriented strategy, which solely takes into 
account lowering network energy consumption overall. The aim is to investigate the 
effectiveness of an artificial intelligence based solution to the problem of identifying the 
optimal position of the sink node. The objective is to reduce the overall energy spent in data 
transmission and increase the network life time. The optimal location of a sink node will be 
determined using a gradient boosted regression model. The location of the sink node is 
estimated with reference to the nodes present in the network. It is assumed that the lifetime of 
the network completes immediately when the first node fails.  
Keywords: wireless sensor networks, sink node, energy consumption, gradient boosted 
regression, network lifetime,  
INTRODUCTION 
Due to their wide application and future potential [1 - 5], wireless sensor networks (WSNs) 
have drawn a lot of attention from academics. The sensor nodes and the sink node are a WSN's 
two primary building blocks. The signals produced by the sensor nodes are given to the end 
users through the sink nodes, regardless of the fact that wireless sensor networks (WSNs) are 
potential of having a range of topologies, such as star, mesh, or ring. A sink node, often known 
as a base station, is essentially a stronger version of a sensor node. Building a bridge between 
a WSN and the distant users is one of the sink node's main responsibilities (Fig. 1). WSNs 
actually differ from ad hoc networks in that their sensor nodes are driven by non-rechargeable 
batteries. The development of new protocols [9–10] and approaches [6–8] to extend the life of 
the network are therefore crucial. For every single sensor node, the amount of energy needed 
to transmit a signal to the base station is dependent upon the distance and quantity of hops that 
message must make. It would be easier to deliver messages with less energy and extend the life 
of the network if there were multiple sink nodes that were used effectively inside the network 
field. However, there are certain limitations to using multiple sink nodes, such as the expense 
of the equipment or the infeasibility of having more than one within the field. The location of 
the sink node can have an impact on the overall network performance since the sensed data 
acquired by conventional SNs is sent to the base station.  Finding the ideal location for the sink 
node inside the network field presents a number of difficulties.  
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Fig. 1 Architecture of WSN [12] 

Here are a few of the major problems: 

 The sink node can potentially be situated anywhere inside the network field because 
there is a large solution space.  

 Another significant obstacle to finding the sink node in WSNs is the enormous number 
of sensor nodes. 

 There are numerous routing protocols, each with a unique energy model and method 
for routing data to the base station. 

 Potential network topology changes brought on by failures or enhancements that would 
necessitate moving the sink node. 

 Different considerations may be necessary when optimizing the sink node position for 
periodic or event-driven sampling modes.  

 The sink node must be moved in order to increase the network's throughput and lifespan 
as sensor nodes are added to the network field. 

In order to reduce the total distance from all nodes to the base station, this study aims to 
determine the optimal position for the base station. Several studies use the geometric median 
of all the locations connected to the sensor nodes to choose the best placement. The geometric 
median in a discrete set of points can be thought of as the place that, in essence, minimizes the 
sum of perpendicular distance between base station and all the sensor nodes. The existing 
methods for estimation of geometric mean is computationally expensive. The base station 
location plays a crucial part in assuring the dependability and independence of the wireless 
sensor network. As a result, great effort should be taken when positioning the sensor nodes in 
the area of interest so that the overall energy spent in the network is minimized. 
The energy hole problem is brought on by the battery restriction, which causes the base station 
nodes to be the first nodes to run out of energy as a result of being burdened by the reliance job 
from the remote nodes. As a result, the energy hole problem is covered in a lot of literature. 
The energy hole problem has been addressed in a number of ways, including sink mobility, 
assigning sensor nodes multiple transmission powers, and distributing the initial energy budget 
unevenly. 
The sensed data that are gathered by the standard sensor nodes in wireless sensor networks 
(WSNs) must be transmitted to the base station in order to be accessed by the remote users. 



MACHINE LEARNING BASED SINK NODE POSITION ESTIMATION 
IN WIRELESS SENSOR NETWORK HAVING MOBILE NODES 

Journal of Data Acquisition and Processing Vol. 38 (1) 2023      2149 
 

The position of the sink may have a big impact on the network's throughput and energy 
consumption. In order to minimize the total hop-distance from all the sensor nodes to the sink 
node, this study investigates the best deployment location for the base station. The rest of the 
paper is organized as follows. The relevant work and proposed solution for base station location 
estimation are presented in Section 2. The method and algorithm we used to locate the sink 
node's ideal location are discussed in Section 3. Section 4 presents the network model together 
with numerous simulation-related parameters. The performance evaluation is found in Section 
5, the outcome of our simulation, and the work's conclusion are found in Section 6, 
respectively. 
LITERATURE SURVEY 
Various literature put forth WSN maximization methods that gathered data from WSN sensor 
nodes using a single mobile sink. Based on where the decision-making occurs, these models 
are divided into centralized and dispersed categories. They differ according to their movement, 
which might be discrete or semi-continuous. There were numerous centralized sink mobility 
models suggested. To estimate the sink movement and pause length in a grid network topology, 
for example, [13] suggested a combined approach. According to the recommended algorithm, 
there is only one unique path between a sensor node and a sink when they are situated along 
the same vertical or horizontal axis, and that path is the direct one. Otherwise, just the two 
routes with an identical number of hops as disclosed by the rectangle whose edge a sensor I 
and a sink define are taken into consideration. A data gathering approach that makes advantage 
of several mobile nodes acting as sink nodes was proposed in [14]. The primary objective is to 
improve the path planning process. A dynamic clustering method that randomly groups the 
nodes into groups is the basis of the algorithm.  The cluster head for the data collecting cluster 
is chosen as the node with the maximum energy. For the majority of formulations of sensor 
deployment, optimal node placement has been shown to be an extremely difficult problem that 
is NP-Hard [15-17]. Several strategies have been presented to identify less-than-optimal 
solutions to this complexity [18–20]. However, the environment of these optimization 
algorithms is primarily static in that it bases its analysis on a predefined topology and uses 
structural quality metrics like distance and network connectedness to evaluate the quality of 
candidate places. They can be categorized as static techniques as a result [24-27]. 
The optimality of the starting placements may be nullified throughout network operation based 
on the network state and different external factors, hence some strategies have, on the other 
hand, advocated dynamic adjustment of node location [21–23]. For instance, traffic patterns 
may alter in response to events being tracked, or the load may not be distributed evenly among 
the nodes, leading to bottlenecks. Also, when new nodes join the network or as existing nodes 
run out of energy, application-level interest can change over time and the resources that are 
now available on the network may also change. Nonetheless, in some situations, random node 
distribution is the only practical choice. This is especially true in difficult environments like a 
war zone or a catastrophe area. Random node deployment can meet the necessary performance 
objectives, depending on the node dispersion and level of redundancy. Nonetheless, in some 
situations, random node distribution is the only practical choice. This is especially true in 
difficult environments like a war zone or a catastrophe area. Random node deployment can 
meet the necessary performance objectives, depending on the node dispersion and level of 
redundancy [28-31]. 
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Application developers prefer that the sensors are used in a way that is consistent with the 
general objectives of the design. Thus, the majority of the suggested node placement strategies 
in the literature have concentrated on raising data fidelity, extending network lifetime, and/or 
ensuring robust network connectivity. Secondary goals like load balancing and node failure 
tolerance have also been taken into account. 
EXISTING SINK NODE PLACEMENT STRATEGIES  
Under energy-oriented model the energy consumed for transmitting and receiving data packets 
were considered. Let 𝐸 (𝑑) and 𝐸  represents the energy consumption for transmission and 
reception of a 1-bit sized data.  

𝐸 (𝑑) =  𝐸 + 𝜀 𝑑  Eq. 1 

𝐸 + 𝐸  Eq. 2 

 
d- distance between the transmitter and receiver 
𝐸  – energy consumed by the transceiver 
𝜀 − Amplification co-efficient 

There are two ways to calculate the networks' overall energy consumption per unit of time. The 
first approach involves summing the energy usage of each node. Each node's estimated data 
sending and receiving capacity per unit of time. The energy consumed by each node is then 
calculated using (1) and (2), and an estimate of the overall energy consumption of all nodes per 
unit of time is then possible. In the second way, the energy spent in each route is added. First, 
an estimation of each node's rate of data creation is made. The energy consumed over a unit of 
time for each source node's travel to the sink is then calculated. The sum of the energy 
consumed along each route represents the overall energy consumption per unit of time. 
Let R denote the maximum transmission range of a sensor node and Si denotes the 
communication region of the sink which can be expressed mathematically as; 

𝑆 =  (𝑢, 𝑣)| (𝑢, 𝑣) ∈ 𝑆, (𝑢 − 𝑥) + (𝑣 − 𝑦) ≤ 𝑅  Eq. 3 

The sink node placement that results in the least amount of energy consumption is found via 
the energy-oriented solution. When considering the lifetime in WSNs, it is typically not the 
best option. For instance, if the location of the solution is in an area with a very low sensor 
density, there won't be enough sensor nodes nearby the sink to relay the data, resulting in a 
reduced network lifetime. Even though the energy usage in the networks is not very low, we 
prefer to install the sensors in areas with a higher sensor density. 
Energy-Based strategy 
The energy oriented sink node placement strategy was studied in [11, 25 ], and this section 
briefs the same technique under a stochastic distribution environment. The energy consumption 
of node (when transmitting 1-bit of data via a h-hops route) can be computed as follows; 

𝛿  

=  
𝐸 (𝑑 ) =  𝐸 +  𝜀 𝑑  , 𝑚 = 0

𝐸 + 𝐸 (𝑑 ) = 2𝐸 +  𝜀 𝑑  , 𝑚 = 1, 2, … , ℎ − 1
 

Eq. 4 
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𝑑  – transmission distance of the 𝑚  hop 
𝛿  – energy consumed for transmitting 01-bit data via h hops. The energy consumed in the 
sink node is neglected and the energy consumed in the h-1 intermediate nodes are considered. 
With reference to the above mathematical expression the total energy consumption 𝛩  in the 
network when a transmitted sends a one bit size packet to the sink node; 

𝛩 = (2𝐻 − 1)𝐸 +  𝜀 𝐷  
Eq. 5 

 
𝐷  and 𝐻  are variables of transmission distance and hop length. Accurate estimate of the 
above value i.e overall energy consumed in the network cannot be made and hence the 
following approximation methods are used. 

i. The hop length of the transmission route is proportion to the distance between the 
transmitter and the receiver node, i.e Hi = cDi; Di – distance between the transmitter 
and the destination node and c is a constant whose value is greater than zero. 

ii. The value of 𝐷  is independent of Hi; so that 𝐸𝐷 = 𝜎; 𝑤ℎ𝑒𝑟𝑒 𝜎 >

0 𝑖𝑠 𝑎 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡. 

As per the network model, each node follows the same probability density function 𝑓(𝑢, 𝑣). In 
the energy-based strategy the g(x, y)  can be expressed mathematically as follows [25]; 

𝑔(𝑥, 𝑦) = 𝐸 𝛩 = 𝐸 (2𝐻 − 1)𝐸 + 𝜀 𝐷  

=  (2𝐸 𝐸 𝐻 + 𝜀 𝐸𝐷 𝐻 −  𝐸 ) 

= 2𝐸 +  𝜀 𝜎 𝑁 𝐸𝐷 −N𝐸  

Eq. 6 

It was observed that 𝑁 2𝐸 + 𝜀 𝜎 > 0, hence g(x, y) can be minimized as given in 

[25] 

𝑔(𝑥, 𝑦) = 𝐸𝐷 =  (𝑥 − 𝑢) + (𝑦 − 𝑣) 𝑓(𝑢, 𝑣)𝑑𝑢𝑑𝑣
( , )∈

 

 

Eq. 7 

PROPOSED METHODOLOGY 
The focus of the work is to maximize the design objectives using the network resources, such 
as nodes. Achieving the design goals with random node distribution is quite difficult. Although 
seemingly the proposed sink node placement strategy can potentially satisfy all major and 
secondary objectives, the struggle to use up as few network resources as possible makes the 
challenge even more challenging. Even in deterministic deployment settings, optimal sensor 
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placement is a challenging issue. A sensor's capacity to detect an object may be unclear owing 
to distortion that may be brought on by geography or the sensor's presence in a hostile 
environment, and complexity is frequently introduced by the effort to use the fewest number 
of sensors possible in order to meet application requirements. The main goal of the suggested 
strategy, which greatly influences network lifetime through node locations, is to extend 
network lifetime. For instance, differences in node density can eventually result in an uneven 
traffic load and bottlenecks throughout the area. According to the simulation research, a 
uniform node distribution may cause nodes adjacent to the base station to lose energy more 
quickly than other nodes, reducing the network lifetime. 
This study examines sensor placement strategy with coverage restrictions to maximize lifespan. 
It is assumed that every sensor delivers its data report to the base station or a sink node on a 
regular basis. Over the longest period of time, the network must encompass a number of 
interesting locations. The metric for calculating the sensor lifetime is the average energy usage 
in each data collection round. By distributing the load among the sensors, the issue is then 
changed to focus on minimizing the average amount of energy used by a sensor in every 
iteration of the transmission. The sensor is tested to see if it can relocate to a different area and 
act as a relay in each iteration. The new position is determined by the volume of traffic and the 
data path that this node is currently or will soon join. Fundamentally, by moving closer to its 
downstream neighbor, the migrating node should use less energy. Only when there is no chance 
of a coverage loss then a sensor is permitted to reposition. 
It is assumed that a number of fixed sensors are often placed in well-known locations, and the 
objective is to determine target placements as precisely as possible. The approach is to develop 
a system model for the issue in order to place the sink node with respect to the reference nodes.  
Let us assume a two dimensional wireless network with 𝑁 reference nodes and 𝑀 sink nodes. 
The unknown positions of the 𝑀 target nodes are represented as 𝑥 = [ 𝑥  𝑥 ] ∈ ℝ , 𝑖 =

1, … … . , 𝑀 and the known position of the 𝑁 nodes are represented as 𝑎 = [𝑎 𝑎 ] ∈ ℝ , 𝑗 =

𝑀 + 1, … … . , 𝑁 + 𝑀. The target sink node can communicate directly with a subset of reference 
nodes and few other sink nodes. 

𝐴 = {𝑗 | 𝑠𝑖𝑛𝑘 𝑛𝑜𝑑𝑒 𝑖 𝑐𝑎𝑛 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑒 𝑤𝑖𝑡ℎ 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑛𝑜𝑑𝑒 𝑗} 

𝐵 = {𝑗|𝑖 ≠ 𝑗, 𝑠𝑖𝑛𝑘 𝑛𝑜𝑑𝑒 𝑗 𝑐𝑎𝑛 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑒 𝑤𝑖𝑡ℎ 𝑠𝑖𝑛𝑘 𝑛𝑜𝑑𝑒 𝑖 

Eq. 8 

𝐴  and 𝐵  represents the set of indices of references and sink nodes that lies in the transmission 
range of node 𝑖.  

𝑚 =  
𝑓 𝑥 , 𝑎 + 𝜖 ,     𝑗 ∈ 𝐴

𝑓 𝑥 , 𝑥 + 𝜖 ,     𝑗 ∈ 𝐵
 

Eq. 9 

The 𝑚  represents a measured value between the nodes with reference to their positions. The 

deterministic function 𝑓(𝛼, 𝛽) represents a measured value among two different sensor 
positioned at 𝛼 and 𝛽 and 𝜖  represents the noise. The objective is to minimize the following 

cost function using regression algorithm; 
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𝑋 = arg min
∈ℝ ×

(𝑚

∈

− 𝑓 𝑥 , 𝑎 ) + (𝑚

∈

− 𝑓 𝑥 , 𝑎 )  
Eq. 10 

 
NETWORK SIMULATION 
The conventional model that was once used to analytically analyze system behavior is no 
longer useful due to the increase in complexity of communication networks. In order to 
accurately comprehend the behavior of the system, a model must be created. Before building 
its hardware implementation, the newly proposed model or method is implemented through 
simulation. To ensure a system's performance and functionality, simulation is used. The 
simulation study's implementation of the OFDM-based IEEE 802.11 standard, PhySim-WiFi, 
is thorough and accurate. The PhySim-WiFi integration simulates the underlying signal 
processing steps of a transceiver down to the signal level, increasing accuracy for the 
determination of whether a packet could be correctly received or not. This is in contrast to the 
default 802.11 PHY standard, which abstracts packets by assessing only an average 
transmission power per packet and the length of the packet. More complex channel models can 
now be incorporated thanks to the improved implementation. For instance, channel models can 
more precisely simulate multi-path effects and can represent Doppler phenomena and their 
effect on the physical layer signal processing method since packets are modelled at the signal 
level. By deciding that devices in the same area will share the allotted frequencies, the MAC 
layer establishes connections to the PHY channel. In this layer, data packet scheduling and 
routing are also managed. Many tasks, including consistent communication between two peer-
to-peer MAC devices, are carried out by the 802.15.4 MAC layer. 
The simulation used the Advanced Encryption Standard (AES), which is based on the IEEE 
802.15.4 standard and uses a 128-bit key length as the fundamental encryption technique, for 
data security. The frame format and several of the payloads are drastically changed when such 
security mechanisms are activated for 802.15.4. The Security Enabled field in the Frame 
Control section of the 802.15.4 header must be used as the first step in the AES encryption 
activation process. This field has a single bit that is set to 1 for safety. When this bit is set, a 
field called the Auxiliary Security Header is created after the Source Address field by stealing 
a few bytes from its Payload field.  

Table1. Simulation Parameters 
Parameter Value 

Simulation Time 30 -60 mins 

No. of mobile nodes 50 - 200 

No. of sink nodes 02 - 08 

Max. speed of mobile 
node 

20 m/s 

Network area 1500m x 3000m 
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MAC IEEE 802.15.4 

Node Mobility Random waypoint 

Queue length 50 

Traffic Constant bit rate 

Physical Layer IEEE 802.11 PhySim-
WiFi 

 
The simulation generates the data required for modeling the location estimation algorithm. 
During the simulation process the position of the sensor nodes and the respective remaining 
energy level are recorded. The total energy spent by ℎ − 1 intermediate node in transmission 
of the data packets were recorded. The position of the sink nodes were also recorded with 
respect to the location of the sensor nodes. These data are used for building regression model 
which could estimate the optimal position of the sink nodes with reference to the location of 
the mobile sensor nodes. For assessing the performance of the proposed regression based 
position estimation approach it is compared with the energy-based position estimation strategy 
described in the Section 3. 
The cost function mentioned in the Eq. 10 is minimized using support vector regression (SVR) 
with gaussian kernel, a non-linear regression analysis. Finding a function that approximates the 
mapping from the input domain to the actual number in the training sample is difficult when 
using regression. SVR focuses mostly on taking into account factors within a decision's 
parameters. The popular SVR algorithm allows for flexibility and error tolerance through the 
use of both a reasonable error margin (𝜖) and an acceptance adjustment that is greater than the 
acceptable error rate. 
RESULTS AND ANALYSIS 
The experiment employed a various numbers of sensor nodes, ranging between 100, and 600 
nodes. The sensor nodes are dispersed at random in a 2-D area of 1500 x 3000 m2. The 
deployment location of the sink node is chosen using the proposed approach. Each sensor node 
has a communication module that is identical, allowing for equivalent communication and 
sensing distances. The communication radius in the experiment is set to 40 m. Moreover, the 
energy used for sending and receiving the data is included in the total energy use. One data 
package's energy consumption for reception is intended to be 40% lower than for transmission. 
A sensor node's energy level is arbitrarily set between a range of 1000 and 2000. A sink node 
positioning methodology based on optimization of the Eq. 7 using the Particle Swarm 
Optimization (PSO) method is contrasted with our suggested strategy. This programme tries to 
create a topology control protocol that is energy aware. 

Table 2. Comparing the energy consumption 
# of nodes Energy 

based strategy 

Proposed regression  

based method 
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100 14.0338 10.2145 

200 20.8981 18.8562 

300 27.8352 26.1232 

400 40.3712 35.4526 

500 46.7464 45.2865 

600 61.8228 52.6541 

 
The network node count, with overall power usage when energy-based and proposed sink node 
location estimators were used are shown in Table 2. For instance, in a 100-node system, the 
total power usage with PSO and the suggested techniques is 14.0338 and 10.2145, respectively. 
In all test situations, it is obvious that the proposed approach's overall power consumption is 
lower than the energy-based strategy approach's. Before using the greedy method to create the 
transmission route, the suggested technique or energy based approach determines the sink node 
position. 

 
Fig. 2 Residual Energy Comparison 

The performance of the proposed sink node placement strategy is compared with the energy 
based strategy in terms of residual energy available in the network during the simulation time. 
The energy based strategy sink node placement strategy consumes more energy when 
compared to the proposed regression analysis based sink node placement method. Similarly 
when comparing the lifetime of the network, the energy based strategy has lesser lifetime. As 
the sink nodes are placed in optimal position using the regression based technique the overall 
lifetime of the network is increased. The regression analysis based sink node location 
estimation reduces the sum of perpendicular distance between the sink or base station and the 
sensor nodes. When mobile nodes are deployed in the network region for sensing the network 
information, this sink node location estimation is done repeatedly depending on the 
transmission coverage. A centralized network coverage monitoring is scheduled periodically 
which assess whether all the sensor nodes are in the transmission range of the base station. If 
one or few of the nodes drift away from the base station coverage then the sink node positioning 
strategy is executed with respect to the position of the individual sensor nodes using the 
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regression model. This helps to limit the overall energy consumed in the network by avoiding 
the packet loss and subsequent re-transmission of the lost packets.  

 
Fig. 3 Network lifetime Comparison 

 
CONCLUSION 
Ad-hoc network formation and the resource-constrained nature of sensor nodes, which are 
frequently combined with unattended deployment, present non-traditional issues and drive the 
need for specialized methodologies for developing and operating WSNs. The impact of node 
placement techniques on the functionality and effectiveness of WSNs has been analyzed in this 
work. An approach based on machine learning is suggested in this research to determine where 
the sink nodes should be placed. The suggested network uses less energy and has a longer 
lifespan than the conventional energy-oriented strategy. Our study is conducted in mobile-sink 
WSNs. The mobile sensor node network's machine learning (regression) model was expanded 
from the single-sink example to include multiple sink nodes. However, the complexity of the 
model is a little bit higher and has to be decreased after more research. The findings of the 
simulation study showed that dynamic node positioning after deployment or during regular 
network operation can be a practical strategy for improving the network's overall performance. 
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