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Abstract

1

Data gathering in the Sensor-Based Internet of Things is done in
the midst of many constraints such as high in-network transmissions,
uneven load distribution, high energy depletion, and data heterogene-
ity. Interestingly, compressed sensing based solutions for heterogeneous
data gathering have been widely used to resolve these issues but
remain unexplored for Sensor Based Internet of Things. Therefore,
with the aim of optimizing the in-network transmissions and achiev-
ing uniform load distribution in the network, this work presents a
novel compressed sensing based algorithm for heterogeneous data gath-
ering in sensor-based Internet of Things. A random markov model
is used to obtain co-relation-based segregation of the region of inter-
est, followed by a novel compressed sensing based sampling and data
gathering scheme. Simulation results are obtained for two different
scenarios by varying the sink position with respect to the region of
interest. Comparative analysis, with state of the art methods, proves 
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1 Introduction

The Sensor-Based Internet of Things (SBIoT) is an interconnected network
of real-world objects equipped with heterogeneous sensors, connected to the
internet using heterogeneous protocols to achieve a common goal. Every
connected object in SBIoT is equipped with multiple sensors collecting het-
erogeneous streaming data. Since the number of connected objects in SBIoT is
huge and almost every object is equipped with one or more sensors, gathering
data in real-time, the data being gathered in SBIoT is huge in size. Gartner
predicted that the amount of data generated by connected SBIoT will be 79.4
Zettabytes (ZB) by the end of the year 2025. This massive heterogeneous
data results in issues such as interoperability, scalability, network congestion,
uneven energy consumption, high in-network transmissions, reduced network
lifetime, etc.

the efficacy of the proposed scheme over existing methods where
the proposed scheme achieves an improved performance of 81% and
44% for network lifetime and average energy consumption respectively. 

Considering the high energy dissipation, in sending and receiving wire-
less communications, several schemes have been proposed to minimize the
in-network transmissions in wireless networks such as SBIoT [1]. Compressed
Sensing (CS) as one of the popular data gathering scheme has gained the
desired attention in recent years because of several associated advantages with
the technique such as uniform load distribution, reduced in-network transmis-
sions, etc [2]. According to CS theory, a modest collection of linear projections
is adequate for almost flawless reconstruction of a compressible signal, saving
energy and extending network lifetime. Use of CS based gathering in SBIoT
remains widely unexplored as most of the state-of-the-art approaches, consider
alternate solutions for optimizing network lifetime. 

In state-of-the-art method proposed in [3], a balanced tree-based dis-
tributed data gathering algorithm (DGABT) is proposed to address the issue
of network lifetime. However, this approach lacks the uniformity in load dis-
tribution and imposes extra overhead on the execution time. In yet another
approach based on random walk data gathering, proposed in [4], the infor-
mation related to the construction tree is broadcasted using a sink node.
The algorithm guarantees the shortest hop-to-hop distance, however lacks in
controlling the nodes at the time of spanning tree construction. The tree is
thus, poorly balanced which leads to the uneven load distribution in the net-
work. Another tree-based algorithm, named as Local Minimum Spanning Tree 
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1. A Markov distribution based correlated demarcation of the region of interest
(RoI).

2. A compressive data gathering scheme to obtain random sampling of the
network data.

3. A theoretical foundation is provided to analyze the performance of the
proposed method with the aim to tide over the gap between CS and ML.

4. The validation of the effectiveness of the proposed scheme through exten-
sive simulations and evaluation of the performance of heterogeneous data

(LMST) is proposed in [5] to provide an improved random routing-based data
gathering scheme where the process of contribution tree is adjusted using a
trade-off between energy and distance. The algorithm is able to reduce energy
consumption to a certain extent. However, the high data transfer latency
imposes increased communication overhead. 

A robust data collection tree (RDCT) construction algorithm is proposed in
[6] focusing on load distribution with optimized lexicographic rate assignment.
A work proposed in [7] titled MaxLeach proves to be more energy-efficient
than the traditional leach protocol and a demand-based data gathering scheme
is proposed in [8] with machine learning (ML) based multi-query optimiza-
tion. On-demand data collection strategy reduces the communication overhead
on the network thereby improving the network lifetime. Integrated data and
energy gathering (iDEG) framework in [9] and Wavelet transform for energy
efficient data gathering and matrix completion (WEED-MC) in [10] are com-
pressed sensing based data gathering schemes. While the focus of iDEG is on
reducing the energy loss and complexity of the algorithm, WEED-MC focuses
on the recovery of the compressed data. A careful analysis of the work reveals
the fact that although iDEG is able to address the issues of time-complexity
and energy loss, the scope of the work is limited only to homogeneous data.
WEED-MC on the other hand achieves better accuracy and a high recovery
rate but the energy consumption is not addressed in the work. Another work
proposed in [11] aims at achieving an improved lifetime of the network by accu-
rate detection of important events in Wireless Sensor Networks (WSN). Since
the data generated in an SBIoT network is primarily heterogeneous, one of
the major constraints of this work is its limited consideration for homogeneous
data only [12]. 

This work, therefore, aims at obtaining an energy-efficient data gathering
strategy for heterogeneous data collection in SBIoT. The following are the
novel contributions of this work: 

gathering and its impact on energy consumption is also presented

. 
The rest of the paper is organized as follows: in Section-2, a thorough

review of related work is discussed followed by Section-3, where a detailed
problem formulation is presented. The Section-4, presents the overall system
environment while the Section-5 presents the proposed approach to solve
the addressed problem. The Section-6, presents the considered model for the 
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energy consumption. In Section-7, a comprehensive mathematical analysis
of the proposed method is presented, followed by the Simulation setup in
Section-8. Finally, the results are presented in Section-9, followed by conclud-
ing comments in Section-10. 

2 Literature Review

The work presented in [20] proposed a secure and energy-aware data gath- 
ering, CS method is integrated with public key and trust towards achieving 

The performance of a SBIoT network depends on various factors such as, load
balancing, energy efficient data gathering, co-relation based demarkation of
RoI and many more. Existing work, in this domain, essentiates the need to
address these factors through various seminal works. 

Load balancing makes it easier to distribute workload across resources in
order to continue providing services even if a service component fails. For
instance the work proposed in [13] presents an efficient use of resources by
provisioning and de-provisioning instances of applications. The authors in [14]
proposed a model which binds the Bacterial Forging, Genetic, and an optimized
Bee colony algorithms together. The scheme is able to achieve an improvement
over the traditional load balancing algorithms, but it fails to address issues of
Quality of Service (QoS) and security. 

A fog-based architecture is proposed in [15], that supports time-bound
Internet of Things (IoT) applications. One of the significant works of the past
years is the work proposed in [16] where two protocols are proposed for dynamic
environment of wireless body area network. The first protocol aims to obtain
application specific QoS, and second aims to identify an optimum value by
optimizing all QoS affecting factors. The study in [17] proposes a multithreaded
architecture on lock-free data structures for streaming overlays or congested
links that enhances performance by avoiding thread synchronisation. 

In [18], a MAC layer uplink solution is designed to address the issue of
energy-aware data collection in IoT based surveillance application for remote
area. The narrowband Internet of Things (NB-IoT) scheduled access scheme
specified by 3GPP has been implemented. The proposed methodology is lim-
ited to traditional algorithmic solution and the network does not learn from its
previous states. A similar work, proposed in [19], supports the data gathering
with the help of mobile edge computing. An enhanced Sort-Tile-Recursive tree
based network division method is used for the clustering of edge nodes. The
method is able to decrease the energy depletion. The work proposed in this is
not much suited for densely deployed network, also in multi-edge networks it
does not provide request based discovery of biased IoT nodes. 
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3 Problem Description

The perceptual layer of IoT is responsible for sensing the data from the real
world and sending the converted digital data to the upper layers. Since the
sensors are deployed in a common area, the data is almost similar, and the
changes recorded are almost identical. Additionally, the transmission of this
data results in a congested IoT network, with uneven load distribution, result-
ing in uneven energy consumption and costing early shutdown of the SBIoT
network. Moreover, the data thus obtained is unreliable and unpredictable
because of its heterogeneous nature. To represent the situation mathemati-
cally consider if Di is the difference (rise or fall) recorded at instance i from
its earlier instance i− 1, and Si denotes the signal reading at instance i.

an energy efficient load balancing in a secure channel. Although, the network
lifetime is less than other data gathering schemes, the major advantage of the
method is its ability to deliver a secure transmission method. The authors
in [21] proposed a fuzzy based clustering method based on hop count. The
approach first focuses on selection of Cluster Head (CH) on the basis of its
weight using an energy aware gravitational search algorithm (GSA) followed by
cluster formation. A Fuzzy Multi-criteria Clustering, hierarchical routing pro-
tocol with Energy-aware routing is presented in [22] with the aim of improving
the network lifetime. The authors in [23] proposed an Ant Colony Optimiza-
tion based energy-aware multipath routing protocol for WSN, which consists
of three phases; namely link knowledge based Neighbour Discovery, Packet
Transmission based on moving average method that is exponentially weighted,
and end-to-end assured packet delivery. 

Corelation based demarkation of RoI has been explored widely for optimiz-
ing the performance of sensor network. Markov process is known to be used
as a mathematical model to analyse intricate technological and informational
(cyber-physical) systems. The capacity to construct predictively controlled
models in a cyber-physical system and subsets over time on the basis of the
statistical data or the findings of observations is one of Markov processes’ key
benefits. A mathematical model of IoT ecosystem is proposed in [24] to address
the subject system information process. A discrete Markov chain is reduced
from simple queuing system to manage the system resources based on geomet-
ric distribution. The description of the studied system’s operational process in
the context of hostile cyberspace is presented in [25] using a Markov approach.
One of this work’s limitations is its insufficient attention to the parametric
space for the extreme RIS operation’s efficiency coefficient value. In order to
operate a cyber-physical system, Markov model based two functional security
metrics were described in [26]. This is further demonstrated by the general
Vulnerability Priority Rating (VPR) system, where it is possible to effectively
estimate the parameters of the model using sparse empirical data. 
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Di = Si − Si−1

By applying the above formula in an ideal environment, it was observed
that in most of the cases the difference is negligible, for example from 100
readings we obtained 99 values of Di out of which only 13 times the value
obtained was more than 10.

The SBIoT network is equipped with heterogeneous sensors producing data
in heterogeneous formats and the handling of such data is very complex. The
data thus obtained can be defined as follows:

(
Dαi

βj

)
t

Where D denotes the gathered data from a sensor αi of a SBIoT node βj
at a time t.

The average of all the data gathered in the duration of the network lifetime
is given by:

Savg =

n∑
t=1

(Savg)t (1)

Such that,αi is ith sensor installed in SBIoT node, βj is jth SBIoT node
deployed in the area, and n is ever-increasing time.

However, clustering of heterogeneous data is an open research problem
because the heterogeneous nature of the network results in frequently changing
data formats.

Consider a set of n SBIoT nodes {SN1, . . . SNn} deployed in a sub-region
Ω ⊆ R2. The position of each sensor SNpos

i ∈ Ω2 is considered to be known.
Five heterogeneous sensors are equipped in each SBIoT node. The pre-known
positioning of SBIoT nodes is a typical assumption in the literature.

Finally, SNWi
is a weight calculated on the basis of the remaining energy

and the correlation structure of the ith node in the objective function and
SNEi

is the energy dissipated by the ith node to for the completion of the
transmission of its data, written as:

ESi = RTx ×
n∑

i=1

xi,sinkT
com
sink,i

=
RTxPkti∑n

i=1 xc,k ⟨R (SNi, SNsink)⟩
Rmax

i

Rmin
i

(2)
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where RTx is the transmission power of node and T com
sink,i =

Mi

⟨R(SNi,SNsink)⟩
Rmax

i

Rmin
i

is the average travel time of the data packet of amount

Pkti from node to the sink node SNsink.
Then the optimization problem is defined as follows:

Minimize (ED +

n∑
i=1

PiESi) (3)

(Xi ∈ Ω1≤i≤n)

(xi,sink ∈ 0, 11≤i≤n)

(yi,i′ ∈ 0, 1 1 ≤ i ≤ n
0 ≤ i ≤ n

)

subject to (ESi
= Emax

i , 1 ≤ i ≤ n)

Considering the above scenario for CS framework, let x = (x1, x2, . . . , xm)T

denote the data sample measurement by all SBIoT nodes in one data collection
round. Assume that in some domain Ψ, i.e., x = ΨΘ, signal x is k -sparse,
where Θ = (θ1, θ2, . . . , θm)T is the vector of transform coefficient in Ψ. Let
the measurements gathered by the CH from n SBIoT nodes are denoted by
y = (y1, y2, . . . , yn)

T . Then, via a random measurement matrix Φ, y may be
thought of as a compressed form of x, here, y = Φx, where Φ is a n×m matrix
with n≪ m. The proposed data gathering strategy is used to characterise the
measurement matrix Φ, where every row denotes a certain node’s vector in a
cluster. Resulting to at most one nonzero element in each row of Φ.

4 System Model

A randomly deployed SBIoT network is simulated for a park area of 200m.×
200m. The RoI is considered with areas with dense tree plantation, a water
body, an open field, and a garden with small plants. A homogeneous demar-
cation of RoI is obtained by feeding δ and λ as the probability of varying
terrain and probability of variation in the observation respectively to a stan-
dard Markov distribution model. The RoI is divided into 4× 4 clusters with 1
cluster head each. Every deployed node is capable of reporting 5 observations
namely temperature, pressure, smoke, wind speed, and humidity.

The general assumption is that the observations reported from a cluster
have high co-relation and the probability of change of terrain (as well as physi-
cal phenomena in the cluster) is very less. For example, the cluster with a high
density of tree plantation is likely to report less temperature and wind speed
as compared to the open field. Similarly, the cluster surrounding the water
may report high humidity levels as compared to the other regions of the RoI.
A model scenario reflecting the simulated scenario is shown in Figure 1.



8 An Energy-Efficient Heterogeneous Data Gathering for SBIoT

Fig. 1 Region of Interest (RoI)

5 Proposed Methodology

In case of an event, the nodes sense and report the events to the CH. Since
the observations received at CH are for five heterogeneous parameters, the CH
stores the observations in n dimension tensor. For every observation received at
the CH, a pseudo-random sampling is performed by choosing the first weighted
sample randomly, followed by α = {L+(C)}th weighted sample being chosen
next and α+(C)th where L is the index of the randomly chosen sample, and C
is a constant. This pseudo-random sampling allows the proposed approach to
overcome the drawbacks of accuracy in small-scale networks. Thus, for every
reported observation 3 random samples are forwarded to the base station for
processing, resulting in the formation of a storage data matrix. The data matrix
is recovered using ℓ1-magic resulting in a significant reduction in the in-network
transmissions and without any significant loss of data.

5.1 Cluster Formation and CH Election

The stepwise details of the proposed method is discussed below:

1. Markov model for co-related demarcation
The probability of varying terrain δ and the probability of variation λ is
fed for homogeneous demarcation of RoI. The clusters are formed based on
this demarcation. Then the nodes are randomly deployed.
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2. CH Election
Calculate the initial weights of each node based on its remaining energy
and correlation structure. In each cluster, the node with the highest weight
is elected as the CH for that particular round. The ML-based Boosting
ensemble method is used for weight-based CH election in every round.

3. Data Transmission
Calculate the shortest path between all CHs to the sink node using the
Dijkstra algorithm. Here only the CH nodes and sink nodes are consid-
ered as vertices and the distances between these vertices are considered as
edges. Transmit the data packets from each node towards the sink from the
shortest path. The data transmission is done based on Algorithm-2.

5.2 Data Compression and Data Sampling

The step-wise details of the proposed method is discussed below:

1. Data Compression at node level
For each node calculate the average of data gathered in three recent rounds
by that node and save this average data to the data packet of that node.
The data packet is shown in Figure 2 (a).

2. Tensor Formation
CH saves the heterogeneous data received from different sensors to a n-
dimension Tensor as shown in Figure 2 (b).

3. Data Sampling
10 recent frames are marked with numbers from 0 to 9. L = a random
number between 0 and 9.
α = (L+3) mod 10
β = (α+3) mod 10
Out of ten recent data frames transmit only Lth, αth, and βth data frames
to the sink node. Drop all the other data frames. Data frames are shown in
Figure 2 (c).

6 Energy Consumption Model

The average data rate for the communication between an SBIoT node SNi

and the sink node SNsink is denoted by R(SNi, SNsink) defined as:

R (SNi, SNsink) =

Blog2

(
1 +

Pr

PLSN−sink (SNi, SNsink)N0

)
(4)

Where PLSN−sink is the average channel path loss, SBIoT node to sink
probabilistic path loss model is considered. The average path loss between an
SBIoT node SNi and the sink SNsink is expressed as:
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Algorithm 1 Cluster formation and CH Election

1: Deploy n SBIoT nodes randomly in the area xm × ym square meters
2: Deploy sink in a given position according to simulation setup
3: Initialize the energy constants as given in Table 1
4: Divide the RoI into clusters using Markov model demarcation
5: for iteration = 1, 2, . . . , N do
6: assign a cluster number, based on the coordinates of iterationth node
7: end for
8: while Number of Dead Nodes < n do
9: reset the Activity status and Correlation count of all SBIoT nodes.

10: calculate SNCi = Count(Ni.cluster ∩Ni.range)
11: if round == 1 then
12: assign SNWi to node i based on SNCi and SNEi

13: else
14: update SNWi of all the nodes using Boosting Ensemble Method.
15: end if
16: for all clusters do
17: CH is elected based on SNWi

18: end for
19: if alive nodes > 3 then
20: for i in range (n/3) do
21: assign SNActi = 1; here i is chosen randomly
22: end for
23: end if
24: for all nodes do
25: Calculate the shortest path from ith node to sink node via CHs
26: Calculate the distance between node and its next hops
27: end for
28: for all nodes do
29: if SNi is not CH and SNActi == 1 then
30: SNActi is allowed to transmit the data
31: ETxi = (Eelec × Pkti) + (Eamp × Pkti × (SNnextHopi)

2)
32: SNEi = SNEi − ETxi

33: ERxi.CH
= (Eelec × EDA)× (Pkti)

34: SNEi.CH
= SNEi − ERxi

35: SNstreami.CH
= SNstreami.CH

+ Pkti
36: else
37: ETxi = (Eelec + EDA) + (Eamp × SNstreami × (SNnextHopi)

2)
38: SNEi = SNEi − ETxi

39: end if
40: end for
41: end while
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Algorithm 2 Data Compression and Data Sampling

1: while Network is not dead do
2: Gather data using sensors equipped in SBIoT nodes
3: for all nodes do
4: Davg

i = Average of data gathered in 3 recent rounds by node i
5: TransmitDavg

i as a data packet to the respective Cluster Head
6: of node i ▷ Data Packet is shown in Figure 2 (a)
7: end for
8: for i in range(10) do
9: Store received data packet to the n×m× l tensor of the Cluster

10: in its respective position ▷ Tensor is shown in Figure 2 (b)
11: end for
12: dataFramei = Tensori ▷ Data Frames are shown in Figure 2 (c)
13: L = Random number between 0 and 9
14: α = (L+3) mod 10
15: β = (α+3) mod 10
16: Forward the Lth data frame to Sink
17: Forward the αth data frame to Sink
18: Forward the βth data frame to Sink
19: Clear buffer
20: end while

Fig. 2 Data in proposed methodology
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PLSN−sink (SNi, SNsink) =

PLoS (SNi, SNsink)PLLoS (SNi, SNsink)+

[1− PLoS (SNi, SNsink)]PLNLoS (SNi, SNsink)

(5)

Where PLoS (SNi, SNsink) is the line-of-sight (LoS) probability of between
a SBIoT node SNi and the sink node SNsink. This probability is based on
surroundings as well as the terrain’s altitude. As presented in [27], it may be
expressed as follows:

PLoS (SNi, SNsink) =

1

1 + α

(
exp

(
− β

(
θ (SNi, SNsink)− α

))) (6)

Where θ (SNi, SNsink) is the elevation angle of the sink with regards to
the SBIoT node SNi when α and β are environmental variables such as the
proportion of water area to the RoI, the number of trees per square meter,
and the distribution of heights of trees. An empirical technique is developed
in [27] to compute these parameters as the function of features of the urban
area. Finally, for LoS and non-line-of-sight (NLoS) area, PLLoS (SNi, SNsink)
and PLNLoS (SNi, SNsink) are the average path losses, expressed as:

PLLoS (SNi, SNsink) =

10ηlog10

(
4πfc
c

| |SNi − SNsink| |2
)
+ ξLoS

PLNLoS (SNi, SNsink) =

10ηlog10

(
4πfc
c

| |SNi − SNsink| |2
)
+ ξNLoS

(7)

where the free-space path loss is represented by the first component, where
η represents the exponent of the path loss, fc representing the frequency of
carrier, c representing the celerity of light, and ||V ||2 representing the vector
V’s norm-2 (i.e., the euclidean distance between SNiand SNsink is represented
by | |SNi − SNsink| |2. The other component, on the other hand, indicates the
mean value of excessive route loss (i.e., ξLoS is the mean value of excessive
route loss in LoS and ξNLoS is the mean value of excessive route loss in NLoS).

7 Analytical Analysis

Based on the given network and system model the proposed scheme focuses
on energy-efficient compressed sensing based data gathering. The proposed
scheme aims to increase the lifetime of the network by addressing the energy
consumption issues, uneven load distribution, in-network transmissions, etc.
The following discussion highlights the mathematical analysis of the proposed
approach in terms of energy consumption, data compression, and CS-based
data gathering.
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7.1 Data Compression

Assume that the data packet generated at the end node is of size DRxpkt =
1024bits and that the data received at the sink node is of size DRxsink.
Therefore, total data generated in a particular round i by the end node is:

Di
node = ni ×DRxpkt (8)

where ni represents the count of SBIoT nodes alive in round i.
Now considering the first round when all nodes are alive, the data gathered

is given by:

DRx1node = n1 ×DRxpkt × t = 500× 1024× 10 = 62.5MB

And the total data gathered by the sensor nodes in a round i is given by:

DGi
node = DRxinode × t = 62.5× 10 = 625MB (9)

The proposed algorithm allows 3 pseudo-randomly chosen samples to be
transmitted at predefined intervals of 10 µs. Evidently, the sampling reduces
the data at least by 70%. Consider that DRxiCH 1 is the size of the data packet
received by the first CH from nodes in round i, and DTx1node 1 is the size of
data transmitted from node 1 in round i then:

DTxinode 1 = 30%of(Dpkt × t) = 30%of(1024× 10) = 384B

DRxiCH =

nCH 1∑
x=0

DTxx (10)

Considering the average number of nodes in one cluster

niavgCHi =
n

16
=

500

16
= 31.25

The size of the packet at the CH is thus given by:

DRxiCH =

ni
avgCHi∑
x=0

384 = 12000Bytes ≈ 11.7MB (11)
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Finally, the received heterogeneous data is stored in a tensor and the first
10 frames are compressed using the following formula:

Dready =

t⋃
j=1

(
nCH∑
i=1

DRxjCHi

)
(12)

By applying this formula to create the sending packet ready to be trans-
mitted the data is compressed by 90%. The ratio between the size of the data
received and the size of the data transmitted is 10:1. So the data sent by a CH
to sink is,

DTxiCH =
DRxiCH

10
=

11.7MB

10
= 1.17MB

Di
sink is the size of data received by the sink in round i.

DRxisink =

nCH∑
x=0

DTxxCH =

15∑
x=0

1.17MB = 18.72MB (13)

Therefore, the approximate data compression from the originally generated
data at the end node is based on DGi

node = 625MB and DRxisink = 18.72MB.

DataCompression =

(
DGi

node −DRxisink
DGi

node

)
× 100

DataCompression ≈ 97% (14)

7.2 Energy Consumption

The energy dissipation of SBIoT nodes is calculated two times in a round: one
for normal nodes and one for CH nodes.

7.2.1 Energy consumption of normal node

Ek+1
i = Ek

i − ETx (15)

Here Ei is the remaining energy of ith node in a particular round k, andk

ET x is the energy dissipation in the transmission of the data packet [28]. 
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ETx = (Eelec ×Dpkt)+ (16)

Eamp ×Dpkt × (D(SNi, CHi))
2

Here, Eelec is the Electronics energy dissipation per bit,
Eamp is the Amplification energy dissipation per bit,
(D(SNi, CHi) is the Euclidean distance from sensor node SNi to CH of

node CHi.

7.2.2 Energy consumption of CH node

Ek+1
CH = Ek

CH − {(ETx) + (n× ERx)}

Where Ek
CH is the remaining energy of CH in round k,

ETx is the energy dissipation in the transmission of data packets,
ERx is the energy dissipation in receiving the data packet from one node.

ERx = (Eelec + EDA)×Dpkt

ETx =
[
(Eelec + EDA) +

{
Eamp ×D(CH, hopnext)

2
}]

× (n×Dpkt)

Here, Eelec is the Electronics energy dissipation per bit,
Eamp is the Amplification energy dissipation per bit,

7.3 CS for data gathering:

CS introduces a novel paradigm for compression and transmission of sparse
signals or compressible signals in SBIoT. Consider the signal vector S =
(s1, s2, . . . , sn)

T , which has n× 1 elements. Let the signal S is represented as
follows in a n× n orthogonal basis Ψ = (ψ1, . . . , ψn):

S = θΨ =

n∑
i=1

θiψi (17)

D(CH, NextHop) is the Euclidean distance between the CH to the next
hop (CH/Sink) in the shortest path towards the sink node [28]. 

where, in the basis Ψ, Θ = (θ1, θ2, . . . , θn)T is the coefficient vector of S. 
Considering that no more than k(k ≪ n) nonzero elements are present in Θ, we 
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min
Θ∈Rn

∥ Θ ∥l1 s.t.z = ΦS, S = ΨΘ (18)

However, in a real-world scenario the natural signals, such as tempera-
ture, humidity, light, etc. are not perfectly k -sparse as shown in equation 18.
Because It is possible that it has k big transform coefficients and the rest are
smaller. Moreover, the power-law degradation of these transform coefficients
is common, these signals are known as power-law decay signals. Based on
the theory of CS, high probability power-law decay signals may be ideally
retrieved from m = O(klog n

call S is a k-sparse signal. Based on the theory of CS, the k-sparse signal S may
be accurately reconstructed using m = O(klog(n/k)) random projections, with
high probability, i.e. x = Φx = ΦΨΘ, here ΦΨ must satisfy the restricted isom-
etry property (RIP). It is proved that by solving a ℓ1-minimization problem, 
the signal S may be reconstructed from z [10]. 

k ) random observations. The proof below (based
on the work presented in [29]) highlights the efficacy of the proposed CS-based
data gathering.

Theorem 1: If a random variable Aij is derived from a random matrix A,
then ∃(x) ∋ (|Aij | ≤ x) with high probability, and Aij ∼ Sub(x2), where x is
constant.

Proof : Based on Markov inequality:

P(A2
ij > x2) <

E(A2
ij)

x2
(19)

where x is constant. such that x ≤ 1 because AiA
T
i = 1. Since E(A2

ij) =

( 1n ), we get

P(A2
ij > x2) <

1

x2n

Thus, P(|Aij | ≤ x) ≥ 1− 1

x2n
(20)

So, if n is sufficient, then with the probability approaching 1, |Aij | ≤ x
is satisfied. If |Aij | is a bounded random variable with a zero mean, then
Aij ∼ Sub(x2).

With this, the next objective is to prove that if Aij ∼ Sub(x2), then
A satisfies the RIP, also the k -sparse signal from measurements m may be
reconstructed.

Lemma 1 : When δ ∈ (0, 1) is fixed. Let A = ΦΨ is m × n random
matrix having Aij entries and satisfying Sub(x2). When m = O(k log(nk ))
then ∀(S) : RIP has been satisfied by A with a high probability i.e.,
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(1 − δ) ∥S∥22 ≤ ∥AS∥22 ≤ (1 + δ) ∥S∥22, where S is a k-sparse signal in n-
dimension space.

Proof : As demonstrated in Theorem 1, Aji ∼ Sub(x2), then, for any S ∈
RN , < Ai, S >∼ Sub(x2 ∥S∥22). Assuming that Y = [Y1, Y2, . . . , Ym] and E((<
Ai, S >)

2) = σ2, where Yi =< Ai, S > for i = 1, . . . ,m, then,

E(∥Y ∥22) =
m∑
i=1

E
(
Y 2
i

)
= mσ2 (21)

If the number of data gathering rounds is more than the threshold, the
probability that a random node vi is elected a CH at round r is π (vi) =
deg (vi) /2 |ε|) = Θ(1/n). Furthermore, the sub-Gaussian bounded arbitrary
variable is denoted by Yi. According to Markov’s inequality,

P(|Y |22 ≥ βmσ2) =

P( exp
(
|Y |22

)
≥ exp

(
βmσ2

)
) ≤

E((exp(|Y |22))
exp(βmσ2)

=

n∑
v1=1

n∑
v2 ̸=v1

. . .
n∑

vm ̸=v1...vm−1

exp
(
Y 2
1

)
. . . exp(Y 2

m)Pjr

exp(βmσ2)

=

n∑
vi=1

π(vi) exp(Y
2
1 ) exp(Y

2
2 ) . . . exp(Y

2
m)

exp(βmσ2)

≤ nmax(deg(vi)) exp(c
2
2m)

2|ε| exp(βmσ2)

= x1 exp
(
−m

(
βσ2 − c22

))
= x1 exp

(
−mσ2X∗) (22)

where x1, x2 are constants and X∗ = β− (x22/σ
2). By normalization, A

′
=√

(n/m)(A1, A2, . . . , Am)T . Then, E(∥Y ∥22) is computed as follows:

E
(
∥Y ∥22

)
= E

(
m∑
i=1

(
A

′

iS
)2)

=

m∑
i=1

E

(
n∑

j=1

(
A

′

ijSj

))2
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= 2

m∑
i=1

(A′2
ij

)
∥S∥22

E

2
+

n∑
j=1

∑
k ̸=j

(
A

′

ij

)
E
(
A

′

ik

)
xjxk

 (23)

The final equation is based on the assumption that E
(
A

′

ij

)
=

√
(n/m)E(Aij) = 0 and E

(
A

′

ij

)2
= (n/m)E

(
A2

ij

)
= (1/m) are true. As

shown above, E
(
∥Y ∥22

)
= mσ2. By putting β = 1− δ, equation (22) could be

written as

P
(
|Y |22 ≥ E

(
|Y |22

)
(1− δ)

)
≤ x1e

mδ2X∗

Then we have

P
(
|AS|22 ≥ (1− δ)|S|22

)
≤ x1e

mδ2X∗

Now, by putting α = 1 + δ,

P
(
|AS|22 ≤ |S|22(1 + δ)

)
≤ x1e

mδ2X∗
(24)

There are (n, k) possible signal sets S for a k -sparse signal S. We get
(m, k) ≤ (en/k)k from Sterling’s approximation. Therefore, we have the
probability exceeding 1− 2(en/k)k.

x1e
−mδ2X∗

= 1− 2x1e
−mδ2X∗+klog(n/k)+k

such that

(1− δ)∥S∥22 ≤ ∥S∥22 ≤ (1 + δ)∥S∥22 (25)

So, m = O(klog(n/k)) can be chosen with a probability approaching 1,
for A satisfying the RIP.

8 Simulation Setup

the proposed algorithm was evaluated on several parameters with two different
sink positions. For a fair comparative analysis, the network parameters were
replicated from the approaches used for comparative analysis. Heterogeneous
random events were generated using the python library SimPy. The details of
the simulation parameters are listed in Table 1. 

A randomly deployed SBIoT network was simulated in python for collecting
heterogeneous observations in an area of {200m × 200m}. The performance of 
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Table 1 Simulation Parameters 

Parameter Value

The initial energy of a node 5 Jule

Number of nodes deployed 100-500

Number of sensors per node 5

Region of Interest (RoI) 200× 200 meter2

Sink node position (Scenario 1) (250× 250)

Sink node position (Scenario 2) (1× 1)

Transmission range 25, 30, 35, 40 meters

Data Packet size 100 bytes

Eelec 50 nanojules

Eamp 50 nanojules

EDA 50 nanojules

Data transfer speed 250 kbps

9 Results

A comprehensive comparative analysis of the proposed method is presented
under two different sink positions:

1. Sink outside the RoI.
2. Sink inside the RoI.

For both the scenarios, the parameters were replicated and results were con-
sidered from Data Gathering Algorithm Based on Spanning Tree (DGABT) [3],
Random walk algorithm for data gathering (RANDOM) [4], Local Minimum
Spanning Tree (LMST) [5], and Robust Data Collection Tree Construction
(RDCT) [6]. For further validation, a comparative analysis with the scheme
proposed in [7] MaxLeach, is also presented.

9.1 Sink outside the RoI (Scenario 1)

The proposed approach is evaluated on the following parameters:

1. Network lifetime with varying transmission range:
The stability period (rounds of data collection until first dead) is consid-
ered as the network lifetime throughout this work. As evident from the Fig.
3, the proposed approach is able to achieve the longest stability period as
compared to the other state of the art algorithms proposed in [3–6]. The
varying transmission range hardly impacts on the network lifetime for the
proposed approach because of uniform load distribution obtained by incor-
porating CS for data gathering. In addition to the uniform load distribution,
the co-relation based clustering plays a significant role in optimizing the
routing structure. Optimized cluster result in availability of close neighbour
for routing the data, thereby making the impact of transmission range, min-
imal on the network lifetime. A similar observation can be made for the
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other approaches, where a small improvement is seen in the network life-
time as the transmission range is increased. The improvement might be the
result of reduced in-network transmission due to high transmission range
of the nodes in consideration.

Fig. 3 Impact of transmission range on network lifetime (Scenario 1)

2. Network lifetime with sink outside the RoI:
The Fig. 4 shows that the lifetime of the network, with the proposed
approach, is highest as compared to the methods proposed in [3–6]. A care-
ful observation of the facts makes this result a straightforward deduction,
such as:

(a) The proposed scheme uses a pseudo random sampling method to
minimize the data load significantly.

(b) Use of CS based data gathering allows the distribution of the load evenly
over the network.

(c) Use of ML optimizes the clustering and routing process which in term
results in reduced energy consumption.

(d) The use of tensor optimizes the storage overhead in the network
significantly.

3. Network lifetime with varying node density:
As the number of nodes in the network increases, not only the in-network
transmissions increases, but also the data redundancy, because similar
observations are reported by multiple nodes in close proximity of the event.
Area remaining the same, increasing the node density affects the network
lifetime adversely and the same can be seen in the Fig. 5. Although the
proposed approach outperforms the other approaches proposed in [3–6], the
impact of increased in-network transmissions and redundant observations
is seen in the overall network lifetime where the first dead with 100 nodes
is reported at around 9500 rounds of data collection and with 500 nodes
the lifetime is reduced resulting in the first dead to be reported at around
8700 rounds of data collection.
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Fig. 4 Impact of sink location on network lifetime

Fig. 5 Impact of Node density on lifetime (Scenario 1)

4. Total energy consumption during lifetime with varying node den-
sity:
The proposed scheme is able to outperform the approaches proposed in [3–6]
in terms of average energy consumption owing to the uniform load distribu-
tion, reduced in-network transmissions and reduced network overhead. As
shown in the Fig. 6, while the average energy consumption of the proposed
scheme is reported at 508 Jules with 500 nodes, the other methods struggle
significantly to match the performance as the average energy consumption
is reported at 700 in [3], 1300 in [4], 850 in [5], 700 in [6] for 500 nodes.

9.2 Sink inside the RoI (Scenario 2)

With the sink inside the RoI, the comparative analysis of the proposed scheme
is presented on the following parameters:

1. Network lifetime with varying transmission range:
The impact of sink position is clearly reflected in the network lifetime
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Fig. 6 Total energy consumption during lifetime (Scenario 1)

and is shown in Fig. 7 where the network lifetime is improved signifi-
cantly to around 38000 rounds as compared to 9500 rounds when the sink
is placed outside the RoI. Additionally, the network lifetime, in scenario
2, is not affected (almost) with varying transmission range as compared
to results obtained for scenario 1. Both of these observations conclusively
prove the effective uniform load distribution and reduced in-network trans-
missions in scenario 2 where there is a clear improvement because of the
processing center being present in the center. Availability of neighbours and
reduced transmission energy may be considered as the parameters directly
responsible for this improvement.

Fig. 7 Impact of Transfer range on network lifetime (Scenario 2)

2. Network lifetime with sink inside the RoI:
Relocating the sink within the RoI allows significant reduction in the data
transmission cost which is in addition to the uniform load distribution and
effective clustering and CH election strategies of the proposed approach.
The results, as shown in the Fig. 4, prove that the proposed scheme is able
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to outperform the approaches proposed in [3–6] and achieves almost 7.5
times improved network lifetime.

3. Network lifetime with varying node density:
As the number of nodes are increased in the RoI, the probability of an
event being reported by multiple nodes also increases. This in turn imposes
overhead in terms of in-network transmissions and energy consumption.
The same is reflected in Fig. 8 where a slight dip in the network lifetime
is observed as the number of nodes is increased from 100 to 500. How-
ever the ML based adaptive CH election and CS based data gathering of
the proposed scheme allows uniform load distribution and optimised rout-
ing resulting in significantly better network lifetime as compared to the
approaches proposed in [3–6].

Fig. 8 Impact of Node density on lifetime (Scenario 2)

4. Network lifetime with total energy consumption during lifetime
with varying node density:
A careful analysis of the results shown in Fig. 9 (scenario 2) and Fig. 6
(scenario 1) reveals the fact that the total energy consumption during the
lifetime of the network is higher when the sink is placed within the RoI
(scenario 2) as compared to the case when sink is placed outside the RoI
(scenario 1). This result is a straightforward deduction from the fact that
the first dead in scenario 2 is reported much later as compared to the first
dead in scenario 1, thereby enabling more number of data collection rounds
and hence higher energy consumption during during the lifetime.

9.3 Validation analysis:

To further validate the proposed scheme, a comparative analysis on two addi-
tional parameters is presented. The parameters from the approach in [3] are
replicated and a detailed analysis is presented on the following to validate the
claims of load distribution of the proposed method. The performance of the
proposed algorithm is evaluated on two additional parameters which are:
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Fig. 9 Total energy consumption during lifetime (Scenario 2)

1. Load distribution (Scenario 1 and 2):
As evident from Fig. 10, the proposed scheme is able to achieve better load
distribution in case where the sink is placed within the RoI i.e. scenario 2.
After the first node is reported dead at around 37500 rounds of data col-
lection, a steep degradation is seen in the number of alive nodes. The steep
degradation confirms the uniform load distribution claimed by the proposed
approach. Although, the load is evenly distributed in scenario 1 as well, but
the sink position being outside the RoI, imposes extra communication over-
head over boundary nodes and the same is reflected in the results shown
in Fig. 10. The figure proves the efficiency of the proposed scheme over the
algorithm proposed in [7] where the first dead is reported only after 35000
rounds. 

Fig. 10 Load distribution
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Fig. 11 Impact of Sink location on average energy consumption

2. Average energy consumption (Scenario 1 and 2):
The average energy consumption per round for scenario 1 and scenario 2 is
presented in Fig. 11. The uniform load distribution and increased network
lifetime, achieved by the proposed scheme, is verified by the results of per
node average energy consumption. The average per node energy consump-
tion is uniform and even the highest value is at 0.015 µ Jule, which in turn
becomes the reason of improved network lifetime. As evident from Fig. 11),
the per node average energy consumption is uniform, validates the claim of
uniform energy consumption by the proposed scheme.

Table 2 Comparative Analysis (Network size: 100, Area: 100x100, Trans. Range: 25 Meter) 

A detailed summary of all the comparative outcomes is presented in
table 2. A careful analysis of the table 2 validates that the proposed scheme
is able to outperform the state-of-the-art methods proposed in [3–7]. 

Network Energy First Middle
Approach Lifetime Consumption Node Node

(Round) (Jule) Dead Dead

DGABT [3] 5200 200 5200 NA
RANDOM [4] 4700 700 4700 NA
LMST [5] 5000 500 5000 NA
RDCT [6] 5100 400 5100 NA

MaxLeach [7] 2754 NA 2754 3823
Proposed Approach 9422 122 9422 21817

10 Conclusion



26 An Energy-Efficient Heterogeneous Data Gathering for SBIoT

Data Availability Statement

The datasets generated during and/or analysed during the current study are
available from the corresponding author on reasonable request.

Conflict of Interest (COI) Statement

The authors have no competing interests to declare that are relevant to the
content of this article.

In future, the work may be extended to address the issues associated with
mobile sink and security concerns imposed due to the same. 

An energy efficient approach for efficient heterogeneous data gathering in
SBIoT applications is proposed in this work. Markov model, ML, and CS are
used to optimise the classification, data transmission and in-network compres-
sion respectively, to enhance the performance of a SBIoT network. Detailed
analytical and simulation results prove the dexterity of the proposed scheme
over existing methods proposed in [3–7]. 

The use of ML and CS based data gathering allows significant reduction in
the network overhead, resulting in 81% improvement in the network lifetime
and 44% reduction in average energy consumption in scenario 1. Further, the
proposed scheme is able to cope up with varying node density and transmission
range and significantly outperforms the existing methods. 
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