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Abstract The clustering methodologies for deployed
devices in the region of interest consider the similarity
of sensed data or target maximization of network life-
time. Thus the clusters formed are either sensing clus-
ters or communication clusters. In the case of motes
capable of sensing multi-feature data, the similarity of
sensed parameters is generally used to cluster the de-
vices. Event detection methodologies in uni-modal sen-
sor based IoT mainly focus on communication clus-
ters to maximize network lifetime. Yet, the existing
approaches for clustered data gathering hardly incor-
porate user context and preferences for sensing clus-
ter formation and event detection. Additionally, many
approaches do not incorporate both sensing and com-
munication clusters in order to detect the event and
balance it with energy efficiency. Research work that
considers user context in the domain of the internet of
things is also limited with a focus on network lifetime,
event detection accuracy etc. The present work aims
at resolving the existing constraints in ‘user context’
aware clustering methods and event detection. The user
context parameters based on the domain knowledge of
the user are used to divide the deployed region into
sub-regions forming sensing clusters. The methodology
allows the user to change the context and definition of
events for each sub-region for accurate, context-aware,
and discriminatory event detection. Additionally, the
compressive gathering of detected events results in en-
ergy efficient data transmission. Simulations were per- 
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formed for scalability and comparative analysis of the
proposed scheme. The results show that the proposed
scheme outperforms the existing schemes in terms of
detection accuracy and network lifetime.
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1 Introduction

Sensor Based Internet of Things (SBIoT) is a smart and
secure Machine to Machine (M2M) [1] network of sen-
sor motes deployed in a Region of Interest (ROI). The
SBIoT network deployment targets at ROI monitoring,
data collection, and intelligent decision-making [2] [3].
Additionally, SBIoT should not only be scalable, fast
and efficient but also sustainable in terms of energy ef-
ficiency and network lifetime [4] [5] [6]. SBIoT devices
are motes with multiple sensors powered by an energy
source, usually a battery. Additionally, motes may or
may not be rechargeable depending upon the infrastruc-
ture available in ROI and accessibility of the deployed
region. Billions of devices will be connected to a fully
functional IoT network [2]. Hence, energy efficient algo-
rithms for sensing, device clustering [7] and data trans-
mission will reduce the overall energy budget of the
network, increase the network lifetime and contribute
to the objectives of green-IoT [8–10]. Moreover, IoT
with increased bandwidth, data transmission motivates
for incorporating user context while not compromising
with the network lifetime [6] [11–13] in order to im-
prove the quality of service to the user. Hence, a tradeoff
between user context [14] aware methods and energy-
sensitive approaches are required to balance discrimi-
natory event detection and network lifetime. For exam-
ple, Heating, Ventilation, and Air Cooling (HVAC) sys- 
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(a) Sensing and communication clus-
ters are same

(b) Sensing and communication clus-
ters are different

Fig. 1: Sensing and communication clusters

user context based event detection becomes even more
relevant in the case of composite event detection when
sensed parameters are many and event definitions are
mutable as per user context. Thus accurate event de-
tection and minimization of false alarm rate becomes a
new challenge.
Authors in [13] have shown that in reference to net-
works with multi-modal sensor devices, data dependent
clustering algorithms like K-means and Fuzzy C-means
outperform LEACH-C which is specifically designed for
sensor based networks. Authors in [19] have designed
a clustering based aggregation scheme for continuous
data collection. The work aims to reduce the transmis-
sion cost. Spatio-temporal correlation of sensor based
networks is exploited to calculate the trade-off between
transmission of sensed data and prediction. Thus the
majority of device clustering approaches fail to serve
the purpose in upcoming IoT scenarios where motes
are capable of complex computations [6]. In [20] au-
thors argue that low energy consuming, low-latency and
user-context aware protocols are inevitable. This be-
comes further necessary for efficient data transmission
using existing peer-to-peer and wireless technologies.
Additionally, much focus has not been given to develop
user context aware algorithms for SBIoT network. Au-
thors in [21] mention that one dimensional Compres-
sive Sensing (CS) falls short of serving the purpose for
spatio-temporally correlated networks. Hence the task
of aggregation and data transmission is distributed be-
tween the aggregator mote and the neighboring mote
for load distribution in the network. Further, CS mod-
els like Kronecker CS suffer from performance degrada-
tion with the increase in data dimensionality.
Thus there exists a lacunae of methodologies and algo-
rithms that take user context into account while in-

tems focus on maintaining user comfort while managing
the energy budget in the deployed area [15–18]. Thus
user-specific ambiance is to be maintained at different
times and any deviation from it can be considered as
an event for triggering the target action. Moreover, the
event triggering definition has to change with change in
user, seasonality, and application (industrial, home au-
tomation) etc. Hence accommodating the user context
is required to update the event definitions in spatio-
temporal domain. 
Traditional schemes for clustered event detection are
driven by one of the following two aspects i.e. (i) de-
ployed devices are clustered based on the sensed data
which results in the formation of Sensing Clusters (SC)
and (ii) deployed devices are clustered to heed upon
energy budget of the network which results in Com-
munication Clusters (CC) (figure 1). Communication
clusters primarily focus on energy efficient data trans-
mission to Base Station (BS) with the aim of boost-
ing network lifetime. Though, sensing clusters based
on spatio-temporal data correlation may be totally dif-
ferent in comparison to communication clusters. Ad-
ditionally, many approaches do not incorporate both
approaches of clustering into account simultaneously
energy efficient event detection while maintaining the
sensing clusters. This phenomenon motivates sensed data
dependent clustering approaches to place similar de-
vices in the same clusters. Yet both approaches do not
take user context awareness into account to create device-
level clusters and detect user-specific events, respec-
tively. Further, in case of multi-modal SBIoT multiple
types of data can be sensed like temperature, humidity,
smoke level etc. using the same mote. Hence composite
event detection becomes complex and EOIs can not be
accurately determined using one parameter only. Thus, 
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(a) Day (b) Night

Fig. 2: Variation of the user context in ROI

corporating both SCs and CCs. The utility of such
techniques is also emphasized in [6] for SBIoT net-
works. In [22] Dey claims that the information to char-
acterize the situation of an entity is context. Further, a
system which delivers relevant information related to
user’s task is called context-aware system. Similarly,
context modeling is useful in identifying concrete at-
tributes of context which are usually user defined and
evolve as per user needs. Traditional context acquisi-
tion schemes are based on the following parameters:

1. ‘Responsibility’ of context acquisition i.e. data push
(from sensor to software) or data pull (query based
data collection from sensor).

2. ‘Frequency’ of context acquisition for instant events
(like, security breach) and interval events (like, tar-
get tracking).

3. ‘Source’ of context acquisition methods can be di-
rect (from sensor hardware) or indirect (computa-
tional derivation or user input based settings).

3. A novel event detection scheme has been proposed
that incorporates user context for defining and de-
tecting events. Additionally, the model allows event
definitions to be mutable and update the user con-
text as it evolves further, for EOI detection.

4. User context aware and sensed data dependent clus-
tering model is proposed to create dynamic sensing
clusters in ROI. Yet communication clusters can be
based on the energy budget of the deployed network.

5. A dynamic and adaptive device clustering model is
designed so that sensing cluster membership changes
with a change in spatio-temporal correlation and do-
main knowledge of the user.

6. Importance of decision making (detection) at the
device level is emphasized to overcome drawbacks
of multi-feature CS approaches and thus reduce the
data transmission cost.

The paper is further structured as follows: Section
2 describes the problem addressed in the paper. Sec-

For example, ROI is a smart industrial area (say) equipped
with HVAC system. The deployed motes in ROI have
smoke, humidity, and temperature sensors, required to
maintain specific conditions in its sub-regions (figure 2)
during day and night. Further, Event of Interest (EOI)
is any deviation from conditions required by the user
in the sub-regions. In such a case, the similarity of the
sensed data and user preferences can form the basis to
divide ROI into sub-regions R1, R2, and R3, respec-
tively (figure 2). Figure 2a shows the uniformity of user
context within sub-regions for event detection. During
the day, R1 has moist and cool conditions; R2 has vari-
able humidity and temperature and R3 has warm and
dry conditions. But during the night sub-regions R2

and R3 show similar sensor readings. Hence, R2 and
R3 sub-regions should be clubbed to form a single sens-
ing cluster while maintaining the erstwhile communi- 

main. 

2. The utility of user context has been emphasized for
better service delivery to the user in the SBIoT do- 

both of them. 

1. In terms of device-level clustering of deployed motes,
sensing, and communication clusters have been dis- 
tinguished and a model is proposed to incorporate 

cation cluster during the night. Thus a sensor instance
detected as an event in R1 may be normal for R3 hence
no alarm should be raised for R3. Event definitions
may further change w.r.t day and night, seasonality and
other evolving preferences of the user. Hence user do-
main knowledge is required to fragment the ROI for
defining and detecting EOIs correctly despite spatial
and temporal variations of sensed data in ROI. More-
over, other specific contributions of the paper are as
follows: 
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tion 3 and section 4 provide the network model and
methodology proposed in the present work. Further, an
analysis of the proposed work is presented in section 5.
Preliminaries for evaluation of the scheme are provided
in section 6. Simulation & results are shown in section
7 and the work is concluded in section 8.

2 Problem Description

1. User context aware clustering and event detection
techniques are less researched and energy parame-
ters are over-emphasized in the research literature
for clustering the deployed motes.

2. Multi-sensor motes produce multi-modal data pos-
ing a high cost for data transmission within the net-
work.

3. CS based approaches are computationally expensive
in the case of multidimensional data gathering and
transmission.

3 Network Model

1. User has prior knowledge about the ROI and shares
his domain knowledge at the sink.

2. Region of interest (ROI) is fully covered in terms of
sensing and communication coverage.

3. Each mote is location aware by using a localization
algorithm like [23,24].

4. Communication radius (Rc) is twice of Sensing ra-
dius (Rs) i.e. Rc = 2×Rs while sink can communi-
cate throughout the network.

5. If, node Vi ∈ η(Vj) ⇐⇒ Vj ∈ η(Vi), where η(Vi) is
clustered neighborhood of Vi.

4 Proposed Methodology

4.1 Cluster Formation

1. For the context U that user shares at sink, let {V1, V2, . . . , Vn}
be the n active motes out of S motes deployed using
uniform random distribution in ROI of l×l m2 area.

2. Base station is aware of the location of active motes
based on the location map using a localization algo-
rithm (Section 3).

3. A Reference Vector (RV ) is defined as a vector con-
taining ‘ideal’ or normal values of each parameter in
the region when no EOI has occurred in ROI. Thus
for sub-region Rx in ROI RVx =< Qx1, Qx2, ....., Qxk >.

4. Such a vector can also be obtained for each sub-
region using an initial mock run in the network such
that, each active node Vi having K sensors transfers
its sensed data to BS. Thus, BS has an initial data

Clustering algorithms are mainly inspired by specific
parameters like energy efficiency resulting in Commu-
nication Clusters (CC) or grouping of the devices based
on sensed data resulting in Sensing Clusters (SC). Such
parameters fail to account for the deployed node-specific
properties like the correlation between sensed data, lo-
cation of the mote in ROI, user context, etc. for cluster-
ing the devices. Thus traditional clustering techniques
have the inherent problem of unidirectional informa-
tion flow (mote to sink). Though in practical scenarios
the definition of the event is mutable in itself based on
user context. This makes user interaction and context
based clustering algorithms inevitable for SBIoT net-
works and involves bidirectional communication. Fur-
ther, clustering algorithms overly focus on energy effi-
cient transmissions of sensed data without considering
spatio-temporal correlation of the motes and user con-
text driven event detection that can reduce the amount
of relevant data itself to be transferred. The case gains
further importance in the case of composite (multi-
feature data based) event detection which requires both
SC and CC, in order to reduce the transferable data and
energy efficient transmission of the data, respectively.
Hence the user context aware and sensed data correla-
tion based clustering can reduce the energy budget of
the multi-modal SBIoT network. This is achieved by (a)
User domain knowledge-based sensing clusters i.e. sim-
ilar data is observed in a sensing cluster (b) each sub-
region has its weight for features and event definition
based on user context to reduce misdetection and (c)
reducing transmission cost of heavy CS approaches for
multi-modal data by detecting event at mote level itself
and transmitting relevant data only from each commu-
nication cluster. Thus the discussed issues related to
device level clustering can be summarized as follows: 

The network in the proposed work is considered to be a
connected graph G(V, E) where Vi and Vj are vertexes
and Eij is the edge (communication link) between Vi

and Vj such that (i ̸= j). A sensor mote Vi in the
network has K sensors which sense different physical
parameters (K is constant throughout the network for
each mote). Vector Pi =< Pi1, Pi2, ....., Pik > such that 
Pii′ (i = 1, 2, ..n) and (i′ = 1, 2, ..k) are the values of 
K features sensed by ith mote i.e. Vi. Each mote Vi is
equipped with an antenna for maintaining the commu-
nication between the mote to Cluster Head (CH) and
CH to sink or Base Station (BS). Also, each mote is
in communication radius Rc of its Cluster Head (CH).
Other assumptions considered for the network are as
follows: 
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Algorithm 1 Cluster Formation and Event Detection
Input :

l –ROI dimension l × l

n –Number of active motes
(xi, yi), i ∈ (1, n) Location information of active motes
D –Data matrix D (equation 1) of n active motes
{V1, V2, ..., Vn} for given context U

r –Number of sub-region identified by user Rx

(x = 1, 2, ..r) for given context U

RVx –Reference vectors for each sub-region Rx associ-
ated with it for given context U

wxi′ –Set of weights for each sub-region Rx associated
with it for given context U

Output: Sensing clusters, communication
clusters, and EOI detection based on user context.
1: procedure Sensing Cluster Formation
2: Divide ROI into sub-regions Rx based on user

context U i.e. shared domain knowledge or data ma-
trix D received after the mock run.

3: for Each mote Vi(i = 1, 2, ..n) do
4: for Each Rx(x = 1, 2, ..r) do
5: Assign the mote to a Rx based on its de-

ployed location coordinates (x, y) and U .
6: Assign weights set wix for mote belong-

ing to sub-region Rx.
7: Assign reference vector RVx for mote be-

longing to sub-region Rx.
8: end for
9: end for

10: end procedure
11: while Network is Stable and user context is U do
12: procedure Communication Cluster For-

mation .
13: Use LEACH to create CC throughout the

network.
14: Select a set of motes C =

{Vα|α is mote id of CH}.
15: Assign Vi to CH set such that maximum

number of η(Vi) > 0 and η(Vi) ̸= η(Vj) if (i ̸= j).
16: end procedure
17: procedure Event Detection
18: Algorithm (2)
19: end procedure
20: end while

set of packets sent by nodes Vi (i=1 to n) each hav-
ing K sensors. The received data at BS can be rep-
resented by the following data matrix D (equation
1). Such that, each column represents a feature or
sensed entity like temperature, humidity, etc. and
each row represents data values sensed by all the K

sensors in mote Vi.

D =


P11 P12 P13 · · · P1k

P21 P22 P23 · · · P2k

...
...

...
. . .

...
Pn1 Pn2 Pn3 · · · Pnk

 (1)

5. User has prior knowledge of the ROI (either in form
of domain knowledge or using a mock run) and shares
the context U at the sink in form of
– Number of sub-regions Rx (x = 1, 2.., r) that

should be formed in ROI based on the mock run
data or user’s domain knowledge.

– Reference vectors {RV1, RV2, ...RVr} for each sub-
region Rx (x = 1, 2.., r) in ROI such that RVx =<

Qx1, Qx2, ....., Qxk > such that, K is the number
of features sensed by a deployed mote and Qxk

is the ideal value for Kth feature in sub-region
Rx.

– Set of weights for specific parameters wx =<

wx1, wx2, .., wxk > for each sub-region Rx of ROI.
Weights are used to increase the importance of
one or more features based on user context for
discriminatory and sub-region specific event de-
tection.

6. Thus steps 1 to 5 divide ROI to form sensing level
clusters based on spatial (mote location), temporal
(sensed data at a particular time instance) similar-
ity, and user preferences U .

7. Further, communication clusters are formed by us-
ing state-of-the-art clustering algorithms that focus 
on enhancing network lifetime like LEACH or resid- 
ual energy based algorithm proposed in [25] [26]. 
Based on two-hop communication model a set of 
motes C = {Vα|α is mote id of CH } is selected as 
cluster heads such that euclidean distance |Vα − 
BS| ≤ Rc(α = 1, 2, .., c) and |Vα − Vm| ≤ Rc where 
Vm is a member mote in η(Vα). Thus a communica- 
tion cluster may have its member motes from differ- 
ent sensing clusters depending upon the shared con- 
text and deployment in ROI. At the level of MAC 
layer, LEACH protocol is specifically used in this 
work as it adopts the principle of collision avoidance 
by creating the TDMA schedules during data trans- 
missions [27,28]. Thus it suits the needs of commu- 
nication clusters. It is the baseline protocol hence, 
the network lifetime is not improved during simula- 
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8. After each round of data transmission step 7 is re-
peated until the user changes the context U or the
first mote of the deployed network is dead. The ma-
jor objective for choosing different communication
clusters in each round is load balancing throughout
the ROI (Algorithm 1).

tions by using advanced algorithms in comparison
to LEACH. 

Algorithm 2 Procedure for Event Detection
1: procedure Event Detection
2: for Each sub-region Rx(x = 1, 2, ..r) do
3: for Each mote Vi in Rx do
4: Calculate P ′

i and RV ′
x using equations (2)

and (3)
5: Calculate eix using equations (4) and (5)
6: if ((eix ∈ [0, 1]) & (eix < 1− λx)) then
7: Transmit value of 1 to Vα such that

(Vα ∈ C) and (Vα ∈ η(Vi))

8: else if ((eix ∈ [0, 1]) & (eix ≥ 1 − λx))
then

9: Compute temp = |(|Pi| − |RVx|)|
10: if temp > threshmagx then
11: Transmit value of 1 to Vα

12: end if
13: else
14: Event not detected at Vi.
15: end if
16: end for
17: end for
18: end procedure

4.2 Composite Event Detection

1. For each context U = {U1, U2, .., Uθ} shared by the
user, each mote in sub-region Rx is assigned a ref-
erence vector RVx (x = 1, 2, ..r) based on its lo-
cation information. Thus spatial correlation of de-
ployed motes is taken into account for assigning a
RVx.

2. At each mote Vi in sub-region Rx vector P ′
i =<

P ′
i1, P

′
i2, ...P

′
ik > and RV ′

x =< Q′
x1, Q

′
x2, ...Q

′
xk >

are computed such that

P ′
ii′ =

Pii′

max(Pii′ , Qxk)
(2)

and

Q′
xk =

Qxk

max(Pii′ , Qxk)
(3)

where max(·) returns maximum among the given
arguments.

3. The weighted cosine wcos(·) of the normalized vec-
tors P ′

i and RV ′
x is computed to find out the weighted

cosine similarity parameter eix at ith mote Vi ∈ Rx.
4. eix is defined as

eix = wcos(P ′
i , RV ′

x)

=

∑k
i′=1(wxi′ · P ′

ii′ ·Q′
xi′)√∑k

i=1 wxi′P ′2
ii′

√∑k
i=1 wxi′Q′2

xi′

(4)

eix =


wx1 · P ′

i1 ·Q′
x1 + wx2 · P ′

i2 ·Q′
x2

+ · · ·+ wxk · P ′
ik ·Q′

xk√∑k
i=1 wxi′P ′2

ii′

√∑k
i=1 wxi′Q′2

xi′

 (5)

such that (i = 1, 2, ..n),(i′ = 1, 2, ..k) and (x =

1, 2, ..r).
5. At each mote Vi, eix is computed with the help of

RVx assigned to it. If eix ∈ [0, 1] and eix < 1 − λx

then EOI is said to have occurred and the value 1

is transferred to CH. Here, λx is the threshold value
for allowed deviation from the corresponding sub-
region’s RVx.

6. In case, eix ∈ [0, 1] and eix ≥ 1−λx then Pi and RVx

are closely associated. Hence magnitude is taken
into consideration i.e. |(|Pi|−|RVx|)|

|RVx| ×100 > threshmagx

implies that EOI has occurred and the value 1 is
transferred to CH. Here | · | represents the magni-
tude of the vector and threshmagx is the threshold
for the difference in magnitude of vectors in sub-
region Rx.

7. In all other cases, EOI has not occurred in reference
to the sensed data detected by mote Vi (Algorithm
2).

8. At CH all the values are collected from member
motes to form an array B of received data i.e. 0s
and 1s such that |B| = |η(Vα)| where, |B| is the size
of the array at CH and Vα ∈ C. The array of re-
ceived data is transmitted to BS using compressed
sensing (Algorithm 3).

5 Discussion and Analysis

5.1 Compressed Sensing for Data Transmission

Compressed sensing is one of the widely used approaches
for gathering the sensor data. Let X be the original sig-
nal such that (X ∈ RN ) in some basis Φ and having

Schematic diagram of the proposed scheme is presented
in figure 3 for easy understanding of the whole process. 
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sparsity (δ), a compressed signal Y ∈ RM (M << N)

to be transmitted can be obtained (equation 6) such
that,

Y = ΦX (6)

Sensor data is generally spatio-temporally correlated,

Fig. 3: Framework for user context aware event detec-
tion 

Algorithm 3 Compressed Sensing at CH
Input :

X –X ∈ RN is original sparse signal received at CH
such that Xn ∈ {0, 1}.

Output:
Y –Y ∈ RM (M << N) is compressed signal to be
transmitted from CH.
1: for Each instance of signal X do
2: if (Xn = 1) then
3: Xn ← moteid
4: end if
5: end for
6: procedure Compressed Sensing
7: Calculate a matrix Φ of order M ×N using ran-

dom global seed.
8: Calculate Y ← Φ×X.
9: Transmit Y to sink.

10: end procedure

hence it is sparse and compressible. Further, in the
case of multi-modal data based composite event sens-
ing, the cost of multi-dimensional compression is high
[21]. Hence, the computation power of motes should

be used for event detection at mote level instead of
transmitting all the data to the sink level. To achieve
this, user context sharing (in the form of domain knowl-
edge) becomes important so that user context aware in-
ferences can be derived from motes. Thus, data to be
transmitted is reduced to 0 or 1 for each mote (Algo-
rithm 1) i.e. Xn = {0, 1} and problem of compression
at CH again reduces to single feature compression. At
CH, each instance of Xn = 1 is replaced by moteid.
Finally, the compressed signal YM×1 is computed using
ΦM×N and signal XN×1 which is transmitted to sink
(Algorithm 3). The recovery is ensured by restricted
isometric property. Additionally, a δ sparse signal can
be efficiently compressed if equation (7) is satisfied.

M ≤ c · δ · log(N/δ) << N (7)

Further, the reconstructed signal is obtained by solving
the following optimization problem:

X = arg min
Y=ΦX

|X|1 (8)

Equation (8), is the well-known l1 optimization problem
solved successfully for signal recovery in [29].

5.2 Weighted Cosine and Event Detection

The cosine of two multi-feature vectors a and b is used
to calculate the similarity between them (equation 9).

cosine(a, b) =

∑k
i=1 aibi√∑k

i=1 a
2
i

√∑k
i=1 b

2
i

(9)

For K features, the memory and time complexity to
compute equation (9) is O(K). Further, the vectors a

and b are treated as the orthonormal basis in vector
space. Thus, cosine helps in detecting the intensity of
the event manifested as the angular distance between
two vectors.

wcos(a, b) =

∑K
i=1 wiaibi√∑K

i=1 wia2i

√∑K
i=1 wib2i

(10)

Further weighted cosine (equation 10) allows the user to
give additional weights to features based on the user’s
domain knowledge. The definition of EOI is itself muta-
ble as per user needs and can be made biased towards
particular features by assigning more weight to it for
discriminatory event detection. For example, the user
may assign more weight to temperature and smoke val-
ues in comparison to humidity for early detection of
fire during winter. Moreover, EOIs can be exclusive to
a region Rx depending upon RVx (figure 4). If sensed
Pi is dissimilar to RV1 but similar to RV2 then EOI is
exclusively detected in R1. 
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(a) High intensity (general) event (b) Low intensity (exclusive) event

Fig. 4: Event detection in different sub-regions using RVx and Pi

5.3 Optimal Cluster Size

Assuming the area of ROI to be A, number of active
motes to be n, the deployment density per unit area is
β = n

A . The coverage probability of a point in ROI can
be calculated by using equation (11) by Koskinen [30].

Pcov = 1− e−β×πRs
2

= 1− e−
(nCH+nm)×πRs

2

A (11)

such that nCH is the number of cluster heads and nm is
the number of member motes. Further, the probability
that a mote can directly reach the CH can be calculated
using equation (12).

Pconn = 1− e−
nCH×πRc

2

A (12)

Hence the total probability for a point to be covered
and connected can be given by equation (13).

Pconn = 1− e−
nCH×A(CH)

A (13)

where A(CH) is the expected value of the area covered
by each cluster (including the CH and member motes).
Further navg, the expected average number of member
motes in a cluster can be found using equation (14)

navg =
nm

nCH

(
1− e−

nCHπR2
c

A

)
(14)

The number of motes required α in ROI so that each
CH has navg motes can be calculated as per equation
(15).

navg

α
=

πR2
c

A
⇐⇒ A =

α

navg/πR2
c

⇐⇒ α =
A · navg

πR2
c

(15)

For a point, P to be covered by a CH and its member
motes, at least one mote should be present in area G(z)

Fig. 5: Area covered by a member mote and cluster
head

which is a function of the distance between the center
(CH) and connected mote (figure 5).

G(z) = R2
s cos

−1
(

z2+R2
s−R2

c

2zRs

)
+

R2
c cos

−1
(

z2+R2
c−R2

s

2zRc

)
− 1

2√
(Rs +Rc − z) (z +Rs −Rc) (z −Rs +Rc) (z +Rs +Rc)

(16)

G(z) is calculated using equation(16) when Rc −Rs <

z ≤ Rc +Rs. Equation (17) gives G(z) if z ≤ Rc −Rs.

G(z) = πR2
s (17)

The probability Pr(z) that a point P is z distance away
from a CH and is sensed by at least one connected sen-
sor is given by equation (18).

Pr(z) = 1− e
−G(z)navg

πR2
c (18)

Thus the total expected area covered by each cluster
A(CH) can be given by (as in [31]) using the cylindrical
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coordinates (equation 19).

A(CH) =

∫ Rs+Rc

z=Rs

∫ 2π

ϕ=0

z

(
1− e

−G(z)nm
πR2

c

)
dϕdz

= 2π

∫ Rs+Rc

z=Rs

z

(
1− e

−G(z)nm
πR2

c

)
dz

(19)

Rearrangement of terms gives us equation (20)

A(CH) = πR2
s + 2π

∫ Rs+Rc

z=Rs

z

(
1− e

−G(z)nm
πR2

c

)
dz (20)

By solving the integral the final value of A(CH) can
be computed as per equation (21) for which G(z) is
approximated as per equation (22)

A(CH) = πR2
s+

2π
∫ Rs+Rc

z=Rs
z

(
1− e

− [−(πRs
2 )z+(πRs

2 )(Rs+Rc)]nm

πR2
c

)
dz

(21)

G(z) = − (πRs/2) z + (πRs/2) (Rs +Rc) (22)

Considering the case of Rt ≤ 2×Rt the area covered by
a CH and its member motes is given by equation (23).

A(CH) = π (Rs +Rc)
2
+

2π
γ

[(
1
γ −Rs

) (
1− e−γRc

)
−Rc

] (23)

where γ = nmRs

2R2
c

.

6 Preliminaries for Evaluation Metrices

6.1 Metrics of Evaluation

The proposed scheme is evaluated using three metrices
i.e. (a) complexity analysis (b) accuracy of event detec-
tion and (c) network lifetime. Computation and com-
munication cost both have been analyzed in complexity
analysis. Further, Event Detection Accuracy (EDA) is
used as a conventional accuracy metric to find the effi-
ciency of any classification algorithm and can be com-
puted using equation (24)

EDA =
TP + TN

TP + FP + TN + FN
(24)

Similarly, False Alarm Rate (FAR) is calculated using
equation (25).

FAR =
FP

FP + TN
(25)

Additionally, network lifetime has been compared in
terms of the overall energy budget and average residual
energy of the deployed network.

6.2 Communication and Computation Cost Analysis

The proposed methodology consists of three major parts
(a) sensing and communication cluster formation (b)
event detection (c) compressed sensing for data commu-
nication. Sensing cluster formation requires RVx(x =

1, 2, .., r) assignment to each mote based on its location.
Further communication clusters allow single-hop com-
munication with CH which transmits data to the sink.
Thus the sensing and communication complexity is of
order O(NJ ) where n is the number of motes in the sens-
ing field and J is the number of motes sensing the EOI.
Additionally, event inference at leaf motes requires co-
sine computations having order O(K)(section 5.2) and
CS at CH level is bounded by order of O(M × (NJ )2)

(section 5.1).

6.3 Dataset

As per the premises of the proposed scheme, two types
of user contexts {U1, U2} were considered for day and
night, respectively. U1 (figure 6a) divides ROI into three
sub-regions Rx(x = 1, 2, 3) of 35% , 30% and 35%. Sim-
ilarly U2 divides ROI into two sub-regions Rx(x = 1, 2)

of 35% and 65% (figure 6b). To create RVx for each

(a) User context U1 (b) User context U2

Fig. 6: Division of ROI based on user context

Rx humidity, smoke, and temperature attribute values
were considered from dataset [32] collected using three
different devices placed in three different surroundings.
The devices used for data collection are aimed at main-
taining (a) cool and humid (stable condition) in R1 (b)
variable conditions of temperature and humidity in R2

and (c) warm and dry condition (stable condition) in
R3. U1 considers all three conditions (a, b, and c), and
U2 considers only two conditions(a and c). For user con-
text aware event detection the magnitude of allowed
deviation (λ = 0.3 & threshmag = 10%) from the ideal
conditions was considered for event detection in all the
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sub-regions. Additionally wcos(·) was computed based
on section 4.2.

7 Simulation and Results

7.1 Scalability Analysis

(a) Network lifetime

(b) Total number of packet transmissions (in thousands)

Fig. 7: Scalability of proposed scheme

Simulation Parameters Value(s)
ROI dimensions 100× 100 m2

Number of motes deployed 100 to 600
Initial energy 0.5 J
Transmission energy 50 nJ

Table 1: List of simulation parameters for scalability
analysis

For scalability analysis an ROI of 100× 100 m2 was
considered with varying numbers of deployed motes at
Rs = 10 m. and Rc = 2×Rs. Other parameters are sum-

marized in Table 1. User context U = {U1, U2} was con-
sidered separately and the stability period (before the
first mote dead) was considered to compare the network
lifetime. A mote was considered dead if mote energy
is less than 1% of initial energy. Further random EOIs
were generated throughout the ROI. Though EOIs were
detected exclusively by a single Rx(x = 1, 2, 3) based on
wcos(·) in each data collection round. This was specifi-
cally done to avoid preferential treatment of a particu-
lar sub-region over others due to deployment random-
ness. Figure 7, shows the comparison of U1 and U2 in
terms of network lifetime and in-network transmission.
The following reasons are associated with the observed
network lifetime trend:

1. Average area coverage ratio is 94.63% at 100 motes
and 99.5% at the deployment of more than 200 motes.
Hence the number of rounds decreases figure(7a)
from 100 to 200 for both U1 and U2 due to an in-
crease in the in-network data transmission (7b).

2. Once sufficient area coverage is achieved (after 300
motes), the network lifetime achieves a maximum
and becomes stable despite an increase in deployed
motes. This is because all motes detecting a sin-
gle EOI transmit data to CH instead of one mote.
Hence, after a sufficient deployment of active motes,
the network lifetime does not increase with an in-
crease in deployment density.

7.2 Comparative Analysis

Simulation Parameters Value(s)
ROI dimensions 200× 200 m2

Initial energy 0.5 J
Transmission energy 50 nJ

Table 2: List of simulation parameters for comparative
analysis

For comparative analysis, simulations were performed
by considering an area of 200 × 200 m2. Based on the
user context awareness the whole ROI was divided into
R1, R2, and R3 using U1. Additionally, R1 and R2

were considered for U2. EOIs were randomly generated
throughout the sensing field. Based on the user con-
text U = {U1, U2}, sub-region (Rx) and reference vec-
tor (RVx) EOIs were detected by motes. The proposed
scheme was evaluated based on parameters of the ac-
curacy of EOI detection and network lifetime. Rest of
the parameters are summarized in Table 2.
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(a) Accuracy

(b) False alarm rate

Fig. 8: Performance of the proposed scheme in terms of
accuracy

Accuracy of Event Detection For finding event detec-
tion accuracy 300 motes were deployed in 200 × 200
m2 with a sensing radius 15 m to average out the simu-
lation parameters in [33]. Figures (8a) & (8b) show the
variation of mote fail probability with the accuracy of
event detection and false alarm rate, respectively (Sec-
tion 6.1). EOIs were randomly generated throughout
the ROI. Deployed motes were further assigned with
mote failure probabilities (0.05 to 0.5) throughout ROI
to calculate the accuracy of detection. The results were
further averaged out over 200 data collection rounds
to eliminate the impact of abrupt outcomes. It is clear
from the figure (8) that the decrease in accurate detec-
tion is gradual proposed scheme outperforms VNBED
[33] by 6.60% & 67.01% in terms of accuracy rate and
false alarm rate, respectively.

Network Lifetime Network lifetime is an important pa-
rameter to analyze the performance of any algorithm
in terms of energy efficiency. For comparative analysis
of network lifetime 200 motes were randomly deployed
in 200 × 200 m2 with Rs = 20 m. Further random
number of EOIs were generated throughout the field.

Fig. 9: Average residual energy varying with the number
of rounds

Moreover, user context was considered to divide ROI
into sub-regions R1, R2 & R3 each covering 35%, 30%
& 35% area, respectively. To compare the performance
of the proposed scheme with [29] and [34], 5000 data
collection round were considered. Events were detected
exclusively to each region in cycles of R1, R2 & R3.
For calculating the average residual energy, the follow-
ing energy dissipation model was used for transmitting
(equation 26) and receiving (equation 27) l-bits of mes-
sage [35]:

ETx(l, d) =

{
leelec + lεfs · d2 if, d < do
leelec + lεamp · d4 if, d ≥ do

(26)

and

eRx(l) = l · eelec (27)

such that, eelec = 50nJ/ bit, εfs = 10 pJ/bit/m2,
εamp = 0.0013 pJ/bit/m4. It is clear from the figure
(9) that the proposed scheme outperforms DIA [34] in
5000 data collection rounds. The major reason for the
proposed methodology to perform better in terms of
network lifetime is discriminatory event detection. An
event is considered exclusive to R1 if it is detected in
R1 but ignored in R2 and R3. Thus exclusive events to
a single sub-region were detected in each data collec-
tion round (section 4.2). This was done exclusively to
take user context-aware event definition into account.
Hence, the proposed methodology saves a major part of
the deployed network’s energy budget while 90% of the
nodes are dead within 5000 rounds for the compared
methods.

8 Conclusion

The problem of device level clustering and event detec-
tion in SBIoT framework has been studied in depth and
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a novel scheme is proposed to take user context into ac-
count for creating sensing clusters and detecting EOIs.
Further, the scheme was made energy efficient using
communication clusters and compressive data gather-
ing. A detailed explanation and analysis of the proposed
methodology are provided. Simulations were performed
to test the efficacy of the scheme on various param-
eters. Scalability analysis and comparison with other
schemes show that the proposed scheme outperforms
the existing schemes (VNBED) in terms of detection
accuracy. Similarly, schemes like Mincut & SVM based,
1-companion, 2-companion, and DIA are outperformed
by the proposed scheme in terms of network lifetime.
Thus, the proposed scheme achieves the objective of
creating sensing clusters and event detection despite
event definition being mutable in sub-regions based on
user context. In the future, a combination of user con-
text with other existing area coverage, clustering and
data aggregation protocols in SBIoT can be explored
to further improve user-specific event detection.
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