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Abstract

Sensing data from the environment is a basic process for the nano-sensors on the network. This
sensitive data need to be transmitted to the base station for data processing. In Wireless Nano-
Sensor Networks (WNSNSs), nano-routers undertake the task of gathering data from the nano-
sensors and transmitting it to the nano-gateways. When the number of nano-routers is not
enough on the network, the data need to be transmitted by multi-hop routing. Therefore, there
should be more nano-routers placed on the network for efficient direct data transmission to
avoid multi-hop routing problems such as high energy consumption and network traffic. In this
paper, a machine learning-supported nano-router localization algorithm for WNSNs is
proposed. The algorithm aims to predict the number of required nano-routers depending on the
network size for the maximum node coverage in order to ensure direct data transmission by
estimating the best virtual coordinates of these nano-routers. According to the results, the
proposed algorithm successfully places required nano-routers to the best virtual coordinates on
the network which increases the node coverage by up to 98.03% on average and provides high
accuracy for efficient direct data transmission.

Keywords: Wireless nano-sensor networks, IoNT, machine learning, nano-router localization

1. INTRODUCTION

Wireless Nano-Sensor Networks (WNSNs)
consist of a large group of energy-limited
nano-machines running in the Terahertz
(THz) band which are distributedly placed on
the nano-domain used in smart healthcare,
environmental monitoring, robotics, food
industry, security, medicine, military and
agriculture applications [1-3].

In WNSN architecture, the network is formed
by the nano-devices. These devices are tiny
machines that are running on WNSNs for
Internet of Nano-Things (IoNT) applications
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[4]. To be more specific, they are divided into
sub-categories according to their types. These
devices are called nano-sensors, nano-routers,
nano-interfaces and nano-gateways [5].

The basic nano-device on the network is the
nano-sensor that is responsible for sensing the
data from the environment at the molecular
level such as temperature, pressure, glucose
concentration, chemicals, oxygen levels,
heartbeats and such values [3].

In a WNSN, the data sensed from the nano-
sensors need to be transmitted eventually to
the base station for data processing. In
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WNSN:s, this task is undertaken by the nano-
routers. A nano-router transmits the data from
nano-nodes to the nano-interfaces. The nano-
interface also transmits data from nano-
routers to nano-gateways.

A nano-gateway is a nano-device that gathers
data from nano-routers on a WNSN and sends
it to the base station for data processing over
the Internet. The nano-gateways are typical
devices such as wristbands, wound bands,
smartwatches and smartphones.

The illustration of hierarchical WNSN
architecture running on IoNT applications is
given in Figure 1. In an example WNSN
shown in the figure, there are 2 nano-routers
placed on the network that gather data from
the nano-sensors which are represented by
green nodes. These nano-routers transmit data
to the nano-interface and then it transmits to
the nano-gateway. Finally, the data is
transmitted to the base station for data
processing. The transmission processes are
executed over nano-links.
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Figure 1 An illustration of a WNSN architecture

The communication range of nano-devices in
a WNSN is very limited therefore, multi-hop
routing protocols are used in order to provide
data transmission from nano-sensors to nano-
routers [6]. Although multi-hop routing is a
basic routing scheme for WNSNs, the packet
transmission process consumes more energy
than direct transmission. On the other hand,
network traffic is a critical problem to be
solved in multi-hop routing. While the
packets are transmitting to a nano-router over
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hops, the network load should be balanced for
lossless communication.

According to the study of Gulec (2022) [2], a
nano-sensor node consumes 0.88 nJ while
receiving a packet having 22 kB size, and 8.8
nJ while transmitting a packet in a WNSN.
Therefore, in multi-hop routing, it takes 9.68
nJ in total for transmitting a packet. Assuming
the nano-router is 5 hops further from a nano-
sensor node on average, it takes 48.4 nJ in
total. This means more energy consumption
on a multi-hop routing scheme despite
sending a packet to a nano-router directly.

Hence, in this paper, a localization algorithm
is proposed for WNSNs that finds the
required nano-routers and estimates their
virtual coordinates ensuring direct data
transmission from a nano-sensor to these
nano-routers and avoiding higher energy
consumption and packet loss by using multi-
hop routing.

Due to the nano-sensor nodes not having a
GPS module, they can not determine their real
coordinates on the network as in traditional
sensor networks. According to the work of
Zhou et al. (2017) [7], the nano-sensor node
distances can be calculated using
electromagnetic pulse durations. Pierobon et
al. (2014) [8] proposed an energy harvesting
routing framework for WNSNSs in THz band
by using the distances and the coordinates of
the nano-nodes. Therefore, the location
information mentioned in this study is the
relative positions of the nodes to each other
on the network which is specified as their
virtual coordinates.

In order to estimate the numbers and their
virtual coordinates of these required nano-
routers, a machine learning technique — the k-
means clustering method is used. According
to the network size, the k parameter is
predicted and the cluster heads are chosen as
nano-routers. For measuring the efficiency
and the accuracy of the proposed algorithm,
the results are compared with the hierarchical
clustering method which is another
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unsupervised machine learning approach. To
the best of our knowledge, there exists no
machine learning-supported  nano-router
localization algorithm for WNSNs of [oNT
applications in the literature.

The main contribution of this paper is
summarized as follows.

e The proposed algorithm estimates the
number of required nano-routers on a
WNSN and the best coordinates to
locate them by machine learning
method that can connect with many
nano-sensors. Therefore, the nano-
sensors can easily transmit the data
they sense from the environment to
these nano-routers directly despite
transmitting it to the uttermost nano-
router by multi-hop routing.

e The proposed algorithm increases the
node coverage by the estimated nano-
routers therefore, any nano-node can
easily find the nearest nano-router.

e The proposed algorithm saves the
energy of the nodes on the network
which prolongs the network lifetime.

e The proposed model prevents the
nano-network from problems caused
by multi-hop routing.

The rest of the paper is organized as follows.
Related works on node localization, machine
learning models on sensor networks and
WNSN applications are summarized in
Section 2. The methodology and the proposed
algorithm of the current study are given in
Section 3. The simulation and the results are
given in Section 4. Finally,
Section 5 concludes the study.

2. RELATED WORKS

Node localization is one of the critical issues
that should be taken into account in Wireless
Sensor Networks (WSNSs) related to network
design and topology which causes faults, low
performance, scalability, latency and
coverage problems [9].
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To this end, Nain et al. (2022) [10] proposed
a range-based model for underwater WSNs
using both particle swarm optimization and
crow search optimization which reduces
localization latency and provides accuracy.
Yu et al. (2023) [11] proposed a quantum
annealing bat algorithm to improve
localization accuracy and applicability for
WSNSs.

Similarly, a node localization model is
developed using the salp swarm algorithm for
WSNs in Kanoosh et al. (2019) [12] which
outperforms the other localization algorithms
in terms of computing time, the number of
nodes and localization error. Sekhar et al.
(2021) [13] proposed a metaheuristics-based
node localization technique for WSNs that
aims to find the coordinates of unknown
nodes by the anchor nodes with minimum
error and maximum accuracy. Javed et al.
(2022) [14] proposed a mobile node
localization algorithm for WSNs that
improves positioning accuracy. Aroba et al.
(2023) [15] proposed an algorithm to address
the problem of determining sensor node
localization with the minimum error when the
data is transmitted over the wireless channel.

In the literature, machine learning-based
methods also have been developed for WSNs
in several areas. Thereby, Galal and
Hesselbach (2020) [4] analyzed and classified
nano-network traffic using five supervised
machine learning models. Dampage et al.
(2022) [16] proposed a system to detect forest
fires at the initial stage using WSNs and a
machine learning regression model. Bacanin
et al. (2022) [17] proposed a deep learning-
based model to predict air quality using
Dragonfly optimization for node localization
in WSNs. Esmaeili et al. (2022) [18] designed
a combined model for WSNs using
metaheuristics and machine learning methods
for clustering-based network routing.

A k-means clustering-based node localization
algorithm for WSNs is proposed by Khediri et
al.  (2020) [19] where single-hop
communication is used in intra-clusters and
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multi-hop communication is used in inter-
clusters. Mahmood et al. (2022) [20] designed
a fault detection and energy-efficient routing
system for WSNs using routing-based
reinforcement learning. Li et al. (2022) [21]
proposed a model using k-means clustering
for routing in underwater wireless sensor
networks (UWSNSs). Sathyamoorthy et al.
(2022) [22] proposed a Q-learning-based
clustering and load-balancing technique using
k-means for WSNs that maximizes
throughput, packet delivery ratio and
minimizes end-to-end delay and energy
consumption.

Recently, several methods have been
developed for WNSNs problems in many
fields. Xu et al. (2021) [23] developed a
multi-hop routing protocol for intra-body
WNSNs which estimates link states. Gulec
and Sahin (2023) [24] proposed a Red Deer
Algorithm based nano-sensor node clustering
method for WNSNSs. Garcia-Sanchez et al.
(2023) [25] proposed a multi-hop routing
scheme using reinforcement learning in body
WNSN:Ss.

3. METHODOLOGY
3.1. The Machine Learning Method

Node localization is one of the most difficult
challenges for sensor networks to achieve due
to the harsh or dangerous environment in
which the nodes are deployed. To find the
accurate location of the nodes, machine
learning approaches can be helpful [26].

For this purpose, in the proposed model the
prediction of the number of required nano-
routers depending on WNSN size and their
best coordinates is predicted with the k-means
clustering method which is one of the most
known unsupervised machine learning
models that gives the center points (centroids)
of the clusters [27, 28].

The k-means clustering model divides the
points into k clusters therefore, it is important
to find the optimal k number. The model finds
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centroids that cover the points close to them
and include the points in the proper clusters.
These points are located in these clusters by
using Euclidean distance. This machine
learning model iteratively computes the mean
of the clusters until the minimum number of
optimal centroids is found [26].

In this paper, k-means clustering as a machine
learning model is used for clustering the
nano-nodes in order to find optimal centroids
as the nano-routers that should be placed on
the network for ensuring efficient direct data
transmission on WNSNSs.

3.2. The Proposed Algorithm

In the proposed model, first of all, the initial
nano-router (Ro) is placed in the coordinate [0,
0] on the network. In a 0.0015 meters
transmission range, many of the nano-sensor
nodes on the network can not communicate to
this nano-router directly. Therefore, new
nano-routers need to be placed at suitable
coordinates on the network to ensure direct
data transmission.

When the proposed algorithm is initialized, it
is assumed that the nano-sensor nodes know
their IDs and virtual coordinates. The nano-
sensor nodes first broadcast NEIGHBOUR
messages to know their neighbour nodes.
When a nano-sensor node receives this
message, adds the sender node to its
neighbourhood list (/m). This operation is
repeated several times until all nano-sensor
nodes know their neighbours. Finally, the
nano-sensors send NEIGHBOUR_DONE
message to the initial nano-router.

Then the initial nano-router (Ro) broadcasts
CALCULATE message including its
coordinates to collect the distances of the
nano-sensor nodes. When a nano-sensor node
receives this message, calculates its distance
by the Euclidean distance given in Equation 1
where x,, is its x-coordinate, y,, is its y-
coordinate, x, is the nano-router’s x-
coordinate and y, is the nano-router’s y-
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coordinate. After calculating this value, it
sends back to Ro.

d=(tm = %)%+ Om — %)? ©

The initial nano-router receives all the
distance values from all nano-sensor nodes on
the network and then sends these values to the
nano-gateway (NG). The nano-gateway
calculates the k value for the k-means
clustering method. In this step, NG finds the k
value by the elbow technique of the k-means
clustering method. Then it sends the cluster
information to Ro by CLUSTER message.

As an example, the graph of an elbow
technique on a sample WNSN having 500
nodes for finding the optimal cluster number
on the network is given in Figure 2.
According to the figure, the optimal cluster
number is calculated as 4.

Distortion Score Elbow for KMeans Clustering

== cbowatk=4,score=0.001 012

000200

aoa7s

0125

bﬂmme (seconds)

distortion score

000100

000075
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Figure 2 The elbow technique for calculating
optimal cluster number on a sample WNSN

In the first iteration of placing new nano-
routers on the network, the proposed
algorithm finds the optimal coordinates on
each cluster and directs new nano-routers to
these coordinates. Unfortunately, the nano-
routers have a 0.002 meters transmission
range. Therefore, in this step, the node
coverage may not be ensured yet. In other
words, these new nano-routers may not cover
all of the nano-sensor nodes.

Hence, the proposed algorithm checks if there
exists any nano-sensor node that has no direct
connection to any nano-router. Thus, the
nano-routers broadcast COVERAGE
messages including their information on the
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medium. A nano-sensor node that receives
this message, adds this nano-router to its
router list (Imr) and sends COVERED
message including its information to the
sender nano-router (Ri). If a nano-node is
covered by several clusters, it adds all nano-
routers having a direct connection to its router
list (Zmr).

If there exists any nano-sensor node that is not
covered yet by checkCoverage() function, the
nano-gateway executes another k-means
clustering method for a cluster by calculating
the distances between the nano-sensor nodes
and the relevant cluster heads to place more
nano-routers instead of the previous ones and
finds their best coordinates to ensure more
node coverage.

In the last step of the algorithm, all of the new
nano-routers are placed on the network that
they cover almost all nano-sensor nodes. If
the node coverage conditions are satisfied,
then the algorithm terminates. The first part of
the proposed algorithm which is executed by
nano-sensors is given in Algorithm 1, the
second part which is executed by nano-routers
is given in Algorithm 2 and the last part of the
proposed algorithm executed by the nano-
gateway is given in Algorithm 3, respectively.

Algorithm 1 Nano-sensor part

1. data:

2. I'm < neighbour list of nano-sensor node m
3. I'mr < nano-router list of node m

4: Ry« initial nano-router placed at [0, 0]

5. dm <« the distance between node m and R
6: initially:

7 Im— (Z), [r — (Z)

8. upon the algorithm started:

9. broadcast NEIGHBOUR msg to I'y,

10. upon receiving NEIGHBOUR msg from
node n:

11: add node nto I'n

12: send NEIGHBOUR_DONE msg to Ro

13: upon receiving CALCULATE msg from
Ro or node n:

14: calculate dn

15: send dm tO Ro

16: upon receiving COVERAGE msg from R;:
17: add R; to Fmr

18: send COVERED msg to R;
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Algorithm 2 Nano-router part

1. data:

2: NG < nano-gateway

3: upon the algorithm started:

4: wait until nano-sensors finish the first process
5: upon receiving NEIGHBOUR_DONE msg
from node n:

6: broadcast CALCULATE msg

7: upon receiving d, values from vn:

8: send vd, values to NG

9: upon receiving CLUSTER msg from NG:
10: send [xi, yi] € Ri to n; by COVERAGE msg

0.01 x 0.01 meters, the transmission range
of nano-sensors is 0.0015 meters and the
transmission range of nano-routers is 0.002
meters. All of the simulation parameters are
given in Table 1.

Table 1 Simulation parameters

Algorithm 3 Nano-gateway part

Simulator NS-3, Nano-Sim
Python Package Networkx, Matplotlib
Network Area 0.01 x 0.01 m?
Transmission Range  0.0015m

of Nano-Nodes

Table 1 Simulation parameters (continue)

. data:

finished « true if the algorithm terminates
s initially:

finished « false

. upon receiving d» values from Ro:
estimate the number of required R;

cluster nodes by d, using k-means

send [xi, yi] € Ri to Roby CLUSTER msg

. if checkCoverage() == FALSE:

10: repeat clustering nodes by dy using k-means
11: send [X;, yi] € Rjto Roby CLUSTER msg
12: else:

13: finished « true

exNoORONE

Transmission Range  0.002 m

of Nano-Routers

Packet Size 22 kB

Topologies 100 on each simulation

Number of Nano-
Sensor Nodes

500, 750, 1000, 2000

4. SIMULATIONS AND RESULTS

In order to estimate the number of required
nano-routers and their virtual coordinates on
the network, NS-3 [29] simulation tool and
Nano-Sim [30] framework are both used for
the simulations. In NS-3 simulator, basically,
a nano-network is formed by the nano-nodes,
the nano-routers, nano-interfaces and the
nano-gateway. To illustrate all of the nano-
devices and the network, Python packages,
Networkx [31] and Matplotlib [32] are also
used in the simulations.

Besides, different network topologies have
been generated in different network sizes for
the simulations. Therefore, the proposed
algorithm was conducted 100 times on these
topologies having 500, 750, 1000 and 2000
nano-nodes. The size of the network area is
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A sample nano-network having 250 nodes is
illustrated in Figure 3. According to the
figure, the rest of the nano-sensor nodes are
given that are not in the transmission range of
the initial nano-router which is placed in [0,
0]. These nano-sensor nodes are clustered
according to the distances to the initial nano-
router by the k-means clustering method. In
the figure, for this sample network, there are
3 clusters having nano-sensor nodes that are
colored red, green and blue.

After clustering these nano-sensor nodes, the
optimal centroids/cluster heads are placed in
each cluster as nano-routers which are colored
orange. These nano-routers have 0.002 meters
transmission range, hence, they do not cover
all of the nano-sensor nodes in their own
clusters. According to Figure 3, it is clearly
seen that placing a nano-router in each cluster
IS not enough to ensure node coverage.
Therefore, the k-means clustering method is
executed once more on each cluster for
placing new nano-routers instead of the
centroid cluster heads due to the transmission
range of nano-routers.
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Figure 3 The first iteration of nano-router localization by the proposed algorithm on a sample WNSN

In Figure 4 and Figure 5, it is shown that there
are more nano-routers that are placed on the
network for each cluster. In Figure 6, the final
network topology of a sample WNSN having
250 nano-nodes and 7 nano-routers is

illustrated. Similarly, another WNSN having
2000 nano-nodes and 17 nano-routers that are
placed by the proposed algorithm is given in
Figure 7.
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Figure 4 The second iteration of nano-router localization algorithm for red-colored clusters
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Figure 6 The final nano-router localization using the proposed algorithm on a sample WNSN
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Figure 7 The nano-routers placed by the proposed algorithm on another WNSN

According to the average simulation results of
the proposed algorithm given in Table 2,
when a nano-network has 500 nodes, the
nano-router localization takes 0.096 seconds
while 461.43 nano-nodes are covered having
92.28% coverage percentage on average.
When a nano-network has 750 nano-sensor
nodes, the nano-router localization process
takes 0.103 seconds while 695.2 nodes are
covered having 92.66% percentage of
coverage on average. If the WNSN has 1000
nano-nodes, the time spent for nano-router
localization is 0.13 seconds, 980.31 nodes are
covered while the node coverage is 98.03%
on average. If a WNSN consists of 2000
nano-nodes, it takes 0.175 seconds to find
new nano-routers while 1953.41 nodes are
covered as 97.67% percentage on average.

Table 2 Average simulation results

According to the average simulation results of
the hierarchical clustering method given in
Table 3, when a nano-network has 500 nodes,
the nano-router localization takes 0.113
seconds while 394.29 nano-nodes are covered
having 78.85% coverage percentage on
average. When a nano-network has 750 nano-
sensor nodes, the nano-router localization
process takes 0.124 seconds while 587.08
nodes are covered having 78.27% percentage
of coverage on average. If the WNSN has
1000 nano-nodes, the time spent for nano-
router localization is 0.157 seconds, 818.84
nodes are covered while the node coverage is
81.88% on average. If a WNSN consists of
2000 nano-nodes, it takes 0.224 seconds to
find new nano-routers while 1640.29 nodes
are covered as 82.01% percentage on average.

Table 3 Average hierarchical clustering results

Node Total Covered Coverage

Count Time (s) Node (%)
Count

500 0.096 461.43 92.28

750 0.103 695.2 92.66

1000 0.13 980.31 98.03

2000 0.175 1953.41 97.67

Sakarya University Journal of Science 27(3), 590-602, 2023

Node Total Covered Coverage

Count Time (s) Node (%)
Count

500 0.113 394.29 78.85

750 0.124 587.08 78.27

1000 0.157 818.84 81.88

2000 0.224 1640.29 82.01
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In brief, the proposed algorithm achieves
13.43% more coverage over 500 nodes,
14.39% more coverage over 750 nodes,
16.15% more coverage over 1000 nodes and
15.66% more coverage over 2000 nodes on
average by placing the proper nano-routers on
WNSNSs according to the comparison results
given in Figure 8.

== The Proposed Algorithm
Hierarchical Clustering

Percentage

500 750 1000 2000
Node Count

Figure 8 The coverage percentage results of the
proposed algorithm and hierarchical clustering

5. CONCLUSION

In this paper, a machine learning-supported
nano-router  localization  algorithm s
proposed for providing direct communication
between nano-sensor nodes and nano-routers
on WNSNs running on IoNT applications.
For finding the optimal nano-routers, k-means
clustering is used as a machine learning
method iteratively for providing maximum
node coverage.

The proposed algorithm has been developed
and tested in NS-3 simulator and Nano-Sim
framework  under  different  network
topologies having different network sizes.
Each simulation is conducted 100 times with
different simulation setups for obtaining
average results. For the illustration of the
networks, Python packages, Networkx and
Matplotlib are also used. The obtained
simulation results of the proposed algorithm
have been compared with the hierarchical
clustering method which is another
unsupervised machine learning approach.

Sakarya University Journal of Science 27(3), 590-602, 2023

According to the simulation results, the
proposed algorithm successfully predicts the
required number of nano-routers and
estimates their optimal virtual coordinates
that ensure higher node coverage on a WNSN
for providing direct communication between
nano-sensor nodes and the nano-routers. The
proposed algorithm increases node coverage
up to 98.03% by placing new nano-routers on
the network. Besides, the proposed algorithm
avoids higher energy consumption of the
nano-sensor nodes for transmitting the data
packets on multi-hop routing to the available
nano-router.

Node localization is a critical problem to be
considered in all types of sensor networks.
For a Dbetter solution to the localization
problem in WNSNs, mobile nano-routers may
be used for redirecting the estimated
coordinates by the nano-gateways for future
studies.

Energy-efficient multi-hop routing
algorithms may be used on WNSNSs in cases
where there are not enough nano-routers can
be placed on the network. Therefore, both
nano-router localization and multi-hop
routing hybrid algorithms will be developed
for future studies.
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