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Abstract—Nowadays, Wireless Multimedia Sensor Networks
(WMSNs) plays a vital role in modern surveillance systems and
enables innovative solutions across diverse sectors. In such net-
works, detecting and minimizing data redundancies has become
crucial for both prolonging network lifespan and improving data
quality. In this paper, we propose a two-layer reduction scheme,
called as SHOLO, that efficiently detects and removes similarities
in SHOrt and LOng term video data collected in WMSNs,
thus conserve sensor energies and extending network lifetime. In
the first layer, SHOLO detects and removes similarities among
successive frames captured by video node during the same period
time through two novel distance-based methods: Difference Hash
(DH) and Pixel Intensity Threshold (PIT). In the second layer,
SHOLO searches long-term similarities among frames collected
in the same period to detect scene variation and zone dynamicity.
Then, we introduced two similarity reduction methods in such
layer: Intensity-based Difference (ID) and Block-based Difference
(BD). We conducted extensive simulations using real-world video
data set to validate the efficiency of the proposed framework.
The results demonstrated that SHOLO can reduce up to 93.8%
of collected video data, leading to tremendous energy savings and
network lifetime compared to existing approaches.

Index Terms—Wireless Multimedia Sensor Networks, Artifi-
cial Intelligence, Similarity Detection, Redundancy Reduction,
Energy Saving, Data Transmission.

I. INTRODUCTION

N the last years, wireless multimedia sensor networks

(WMSNs) have rapidly grown as a resourceful means
of collecting environmental data in different areas, including
agriculture, surveillance and environmental monitoring [1, 2].
However, the enormous amount of video data generated by
the WMSN presents significant challenges related to the con-
sumption of energy resources and the utilization of available
bandwidth [3]. Data reduction methods are key solutions
to overcome such challenges by lowering the amount of
transmitted data [4, 5].

In the literature, we can distinguish between two approaches
of data reduction: compression-based and correlation-based.
On one hand, the compression techniques are used to decrease
the size of each frame inside a video before transmitting
the data to the sink [6-8]. For instance, the authors of [6]
proposed a distributed video transmission reduction algorithm
(DiViTRA) in which compression operation is applied during
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capturing and communication operations. In the first operation,
three algorithms (ORB, BF, and GMS) are introduced to
adapt the capture frames of the video sensor, while, in the
second operation, DiViTRA used two data reduction algo-
rithms (principal component analysis and Huffman codding) to
compress the size of frames sent to the sink node. On the other
hand, spatio-temporal correlations among video sensors mostly
occur due to the requirement of densely deployed nodes and
the slow changes in the monitored area [9-11]. For instance,
the authors of [11] introduced a temporal-based data reduction
(TDR) technique to minimize the number of frames sent from
each node to the sink. In their technique, each node calculates
the similarity between video frames collected in each period;
when a high similarity is detected, the node removes the
current frame and adapts its sampling rate accordingly.

Although the current studies have substantially advanced
the data reduction in WMSNs, two main limitations are still
eminent: 1) complexity: they used complex algorithms which
are not suitable to limited computation of the node. 2) Data
quality: current techniques do not mostly benefit of various
types of similarities existing in WMSN that could largely
enhance the quality of data after being reduced. In this paper,
we propose a similarity-based reduction technique called as
SHOLO for minimizing data transmission and maximizing
energy saving in WMSNs. SHOLO design relies on periodic
data collection model, where video nodes monitor the target
zone and submit the collected data in a periodic manner.
Then, SHOLO consists of two layers: short-term similarity
detection and long-term similarity detection. The first layer
aims to detect and remove similarity among successive frames
captured by a sensor node during the same period time, and
it introduces two different distance-based methods: Differ-
ence Hash (DH) and Pixel Intensity Threshold (PIT). The
second layer aims to find significant changes of the scene
collected by each video sensor separately during a period time.
We employed, at this layer, two temporal correlation based
techniques: Intensity-based Difference (ID) and Block-based
Difference (BD). All such methods apply statistical analysis
and time series modeling to reveal the significant fluctuations
that lead to reduce the data transmission while sustaining the
event detection accuracy.
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II. SHOLO ARCHITECTURE

The fundamental idea behind SHOLO is to develop an
energy-saving system that encompasses data acquisition, pre-
processing, and transmission while minimizing the redundant
video frames and events collected by a sensor and maintaining
useful information for decision-making.

A. Periodic Data Collection Model

We consider that the network consists of n nodes, e.g.
N = {Ny,N,...,N,} where the camera of each node N;
has a field of view (FoV) to monitor a part of the surrounding
area. FoV is represented by a vector of 4-tuple: { P; Rs; 7; 0}
where P is the position of a node, R, is its sensing range,

is the line of sight of the camera node or its sensing
direction, and 6 is the offset angle of the FoV. Furthermore, we
employed a periodic collection model to ensure a continuous
monitoring of the target zone and real-time events detection.
In such model, each period time 7" is divided into 7 slot times:
T = {t1,t2,...,t.}. During such period, each node NN; will
collect a video data of 7 frames, F; = {Fi, Fs,...,F;},
where each frame Fjc|; 5 is collected during one time slot ¢;.
Each frame F} is represented by a matrix of pixels P;[r][c ],
where r and c indicate the total number of pixels in each
row and column respectively. At the end of the period, the
frame vector generated by each node will be then used by our
framework to assess the zone dynamicity, before sending it to
the user. Figure 1 presents an example of the periodic data
collection model applied in our framework.
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Figure 1. Illustration of periodic collection model.

B. SHOLO First Layer: Short-Term Similarity Detection

In WMSNSs, there is an important need to continuously
monitor a target to detect any potential events. This leads
to a huge amount of data collected by each node that is
mostly redundant. Hence, the first layer of SHOLO exploits
the temporal correlation between two frames, e.g. F;; and Fiy,
collected by each video node N; during the same period, then
only sends non-redundant frames to the user. Therefore, we
propose at this layer two different methods that use various
distance metrics and feature extraction concept to compare
frames and measure their degree of similarity.

1) Difference Hash (DH) Method: DH employs the per-
ceptual hashing concept to calculate the similarity between
two consecutive frames obtained by a sensor node. Perceptual
hashing is a method that creates a compact representation of an
image while keeping the perceptual properties intact. Its objec-
tive refers to generate the same hash values for perceptually
similar images. Mathematically, a perceptual hash function,
PHFy(-), is a deterministic algorithm that has generated a
k-bit perceptual hash h = PHF(s) € {0,1}* from an input
string s.

In this study, DH will use a specific perceptual hash function
called the difference hash (e.g. dHash). Indeed, dHash
computes the hash value by subtracting the intensity values
of adjacent pixels in the picture. Let F;; be a frame with its
corresponding pixel matrix P;[r][c]. The dHash function can
be represented as follows:

dHash(F;;) = binary_string ([F}; (z,y) < Fy;(z,y + 1)
for y in range(c — 1) for « in range(r)])

(D

where F;(x,y) denotes the pixel intensity at position (x, y),
and binary_string converts the boolean array to a binary
string representation.

Furthermore, this layer implements Hamming distance to
measure the similarity between two dHash values of two
frames. By definition, Hamming distance between two binary
strings of equal lengths is the number of characters at which
the corresponding bits differ. Thus, the Hamming distance(H)
between two dHash values, e.g. dHash; and dHashy, for
two frames respectively, F;; and Fj, is calculated as:

d
= Z |dHash,;,
i=1

where ¢ represents the i-th bit of dHash;, and dHashy,,
respectively, and d is the length of the dHash values.

Now, let consider that M axH be the maximum size of the
hash values dHash;, and dHashy, as follows:

H(dHashj,dHashy,) —dHashg,| (2)

MaxH = max(size(dHashj,), size(dHash;,))  (3)

where size(dHash;,) denotes the size of the hash value of the
first frame. Then, the similarity (Simpg(j,k)) between two
consecutive frames, F;; and Fjj, collected by a sensor node
is calculated using the Hamming distance ‘H and MaxH as
follows:
dHash;,dHash
Simpu(j, k) = (1 _ M Mci,xH 2

) x 100 (4)

According to above equation (4), the similarity value
between to frames will range between 0 and 100, where 0
indicates that both frames are completely dissimilar and 100
indicates a perfect frames match.

2) Pixel Intensity Threshold (PIT) Method: This method
tries to match the intensity of the pixels of two matrices,
Pj[r][c] and Py[r][c], correspond to two consecutive frames,
I;; and Fj, respectively, based on a threshold. For the ease
of comparison, the frames are first converted to grayscale then

98



Eighteen International Workshop on Selected Topics in Mobile and Wireless Computing - 2025

PIT computes the absolute difference between the correspond-
ing pixel intensities. Mathematically, the absolute difference
Apr between two frames is calculated as:

Apir(z,y) = |Pj(z,y) — Pr(x,y)| (5)

where P;(z,y) and Py(z,y) denote the pixel intensities
at position (z,y) in both frames respectively. Then, PIT
compares each absolute difference value Ap;r(z,y) with a
predefined threshold o: if Ap;r(z,y) is less than or equal to
o, the observed pixels are considered similar, and dissimilar
otherwise. Accordingly, the similarity between F;; and Fj, is
calculated as:

rXc

T C
_ A T,y) >0
Simprr(j. k) = <1 _ Zamt 2y Arir(,0) ]> x 100
(6)
where [-] denotes the Iverson bracket, which results in 1 if
the condition inside the brackets is true and 0 otherwise.

3) Data Reduction Algorithm for SHOLO First Layer:
Algorithm 1 shows the process of layer and how redundant
video frames are deleted. The algorithm takes, as input, the
set of frames collected by a node during a certain period
along with the similarity threshold Q € [0, 1]. The node saves
the first frame collected at the beginning of the period in
its memory and sends simultaneously to its CH. Then, it
computes the similarity between the saved frame and ones
taken in the next slot times; check represents either the
similarity function in the two methods (eqgs. 4, 6). If a high
similarity is detected, e.g. above threshold €2, the next frame
is considered redundant, thus it will be deleted by the node.
Otherwise, e.g. a low similarity is noticed, the node saves the
new frame for a later comparison and sends it to the user.

Algorithm 1 Data Reduction for SHOLO First Layer.

Require: Video node: N;; Period time: T' = {¢1,to,. ..
Video frames collected at T: F; = {Fy, Fb,...
Similarity threshold: €.

Ensure: Non-redundant video frames.

1: Saved < Fj,
2: Send(F;,) to CH
3: for each slot time ¢ € [2,7] do

b
JFr}

i

4 if check(F;, , Saved) > Q) then
5: delete F;,

6: else

7: Saved < F;,

8: Send(Saved) to CH

9: end if

10: end for

C. SHOLO Second Layer: Long-Term Similarity Detection

Unlike layer 1, the second layer checks the similarity
between scenes detected by a node during the same period.
Indeed, if a significant number of scenes is detected during a
period time, this indicates a high dynamicity of the zone thus
the node should increase its capturing speed to detect all the

scenes. Otherwise, zone slowly changes and few scenes are
noticed, the node should decrease its capturing speed to avoid
redundant frames and save battery. At this layer, we propose
two methods to track scene changes during a period of time.

1) Intensity-based Difference (ID) Method: In this method,
we compare frames based on their pixel intensity differences
according to a predefined threshold. It goes through the frames
in a subset of frames one by one and determines the similarity
with a reference frame, the first one taken in the period.
Consider two frames, the reference (F;¢) and the j-th frame
in the period (Fj;), ID calculates the absolute difference .A;p
between F;; and Fj; as follows:

.A]D(Jf,y):‘Fif(ﬂf,y)—Fij(ﬂf,y” (7

where Fjs(x,y) denotes the pixel intensity at position

(x,y) in frames F;¢(x,y). Then, ID compares each absolute

difference value A;p(x,y) with a predefined threshold o. If

Arp(z,y) is less than or equal to o, the corresponding pixels
are considered similar; and dissimilar otherwise.

Therefore, a scene is detected if a low similarity id detected
between two frames as follows:

Simip(f,i) = (1 T ZpnAim(ry) < ﬂ) X 100

rXc
®)

where [-] denotes the Iverson bracket, which is evaluated to
1 if the condition inside the brackets is true and O otherwise,
and 7 and c are the dimension of matrices of both frames.

Finally, ID iterates through the sequence of frames collected
during a period and calculates the similarity for each frame
Fik. If Simyp(f,i) falls below a predefined correlation
threshold ¢, ID identifies a significant change in the set and
marks the frame F; as a key frame. The process continues
until all frames in the sequence have been analyzed.

2) Block-based Difference (BD) Method: BD extends the
concept of temporal correlation analysis to a block-based
approach. Instead of the process of comparing single pixels,
BD divides the frames into smaller blocks and calculates the
correlation between the corresponding blocks in consecutive
frames. Moe specifically, this layer takes frames apart into
blocks, and compares individual blocks to capture localized
temporal variations and minimize the effect of minor pixel-
level changes. The block-based approach helps to highlight
essential changes in the video content very efficiently which
reduces the need to forward unnecessary frames in WMSNSs.

Let I}y be the reference frame and F;j be the j-th frame
in the video. BD technique divides each frame into non-
overlapping blocks of size b x b pixels. Let B;f(m,n) and
B;;(m,n) denote the (m, n)-th block in frames F;; and Fjj,
respectively, where m € 1,2,...,¢/band n € 1,2,...,7/b.
Then, for each block B;;(m,n) in frame F;;, BD calculates
the correlation coefficient CCj,,(m,n) between B;f(m,n)
and B;;(m,n) as:
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1
b2 x oip(myn) X oy5(m,n)

b b
SN Biglm,n) (@) - uip(mon)) O

rz=1y=1
X (BU (m7 n) (:C’ y) = Hij (m’ ’/l))

where p;7(m,n) and p;;(m,n) are the mean pixel inten-
sities of blocks B;f(m,n) and B;;(m,n), respectively, and
oif(m,n) and o;;(m,n) are the standard deviations of pixel
intensities in blocks B;f(m,n) and B;;(m,n), respectively.

After that, BD calculates the average correlation coefficient
ACC;,, as follows:

CCi;, (m,n) X

zc/b :L/:bl CCy,,(m,n)

m=1

= (c/b) x (r/b)

ACC, (10)

3) Capturing Rate Adaptation Algorithm for SHOLO Sec-
ond Layer: In order to reduce the number of frames captured
during each period, we propose to adapt the capturing fre-
quency of each node based on the number of detected scenes
in the period; less scenes are detected, more the number of
frames should be reduced in the next period, and vice versa.
This allows to dynamically adapt the capturing rate of a node
according to the changes in the monitored zone. Consider
the number of detected scenes detected by a node N;, after
applying any similarity detection methods (ID or BD) during
a period time, is S;, then the new capturing rate (7;) in the
next period time will be calculated as follows:

T; = Si x 100 (11)

T

Mostly, WMSN applications are not equally important and
can have different criticality according to the monitored zone.
Thus, beside the number of detected scenes, the rate adaptation
algorithm proposed at layer 2 also takes into consideration
the application requirements. Accordingly, we represent the
criticality of a WMSN application by a minimum capturing
frequency of a node, e.g. 7,7"; T,™" takes a value between
0 and 100 indicating low and high criticality application levels
respectively.

Algorithm 2 shows the entire process of capturing rate
adaptation at the end of each period. The algorithm takes the
number of frames at each period along with the application
criticality level, and identifies the next capturing rate at the
next period. After being deployed, the node captures the
maximum number of frames during the period to avoid losing
any scene or event (lines 1-5). Then, at the end of the period,
the node calculates the number of detected scenes according
to both methods proposed at layer 2, e.g. ID or BD, and
accordingly computes the new capturing rate for the next
period (lines 7 and 8). Particularly, if the new sampling rate
goes below the minimum threshold defined for the application,
the node sets the capturing rate to that threshold to maintain
the quality of collected video (lines 9 and 10).

Algorithm 2 Capturing Rate Adaptation for Second Layer.

Require: Video node: V;; Number of frames per period: T;
Application criticality level: 7,7,
Ensure: New capturing rate: 7.
1: T; < 7, // capturing rate is initialized to the maximum
2: while Energy > 0 do
3:  for each period p do
takes frames at 7; rate
end for
for each end of period do
calculate S; based on Egs. 8, or 10
calculate 7; according to Eq. 11
if 7; < 7, then
10: Ti < T,mm
11: end if
12:  end for
13: end while

D A A

III. PERFORMANCE EVALUATION

This section demonstrates the performance of SHOLO by
describing the used dataset, the simulation setup, and the
benchmark comparisons with existing techniques.

A. Dataset Description

In our simulation, we utilized the CDnet dataset [12], which
comprises 31 videos capturing both indoor and outdoor scenes
featuring cars, trucks, and pedestrians under diverse scenarios.
The dataset used in our model includes video sequences
recorded under varying conditions, such as changes in illu-
mination, moving backgrounds, and dynamic objects. These
videos were captured using various camera types, ranging from
low- to high resolution as well as thermal cameras. The spatial
resolution of the videos in CDnet is set to 320 x 240, with
video lengths varying between 1,000 and 8,000 frames.

B. Simulation Setup

The hardware setup for our implementation included an
HPE ProLiant ML150 Gen9 server powered by a 64-bit, 6-
core Intel Xeon CPU running at 1.7 GHz. The server was
configured with a 240 GB SSD for primary storage, and an 8
TB HDD for additional capacity. The system operated on Win-
dows Server 2012 R2, and our technique was developed using
the Python framework. Table I presents the parameters used
in SHOLO along with their values tested in the simulation.

Parameter Description Values
N Number of video cameras 10, 20, 30
o Pixel similarity fixed to 5
T Number of frames per period 10, 20, 30
Q Similarity threshold 0.7, 0.8, 0.9
T Application criticality 30, 50, 80
Table T

SIMULATION ENVIRONMENTS.
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C. Sort-Term Similarity Detection Layer: Evaluation and Dis-
cussion

This section evaluates various methods (e.g. DH or PIT)
proposed at the first layer of SHOLO in terms of similarity
detection and latency. Firstly, Figure 2 shows the similarity
detection of each method according to different metrics by
varying the value of one of them and fixing the others in each
subfigure. The following observations are eminent:

o PIT demonstrates better performance in terms of detect-

ing similar video frames compared to DH. Subsequently,
PIT enhances the similarity percentage up to 6.2% in the
best case compared to DH.

o The similarity percentage increases with the increase of
the frames number per period (7). Particularly, Figure
2(b)) shows that the similarity rate of PIT is increased
from 84.2% to 93.8% when 7’s value is increased from
10 to 30. This is due to the temporal correlation between
frames collected in the same period time, especially when
the monitored zone changes slowly.

o The decrease of similarity threshold value (€2) will
increase the similarity between the frames video. Fro
instance, the similarity percentage of PIT is decreased
from 92.1% to 79.3% when €’ value is increased from
0.7 to 0.9 (Figure 2(c)).

On the other hand, Figure 3 shows the performance compar-
ison of the best results obtained in the first layer of SHOLO
and two similarity-based detection models in the literature (e.g.
DiViTRA [6] and TDR [11]) in terms of similarity and latency
metrics. The following observations are noticed:

o From the similarity percentage point of view, DH outper-
forms the efficiency of DiViTRA and TDR up to 7.1%
and 8.3% respectively. Whilst, PIT outperforms both
existing techniques up to 5.5% and 8.8% respectively.

« From the latency point of view, DH decreases the latency
up to 86.8% and 85.4% compared to DiViTRA and TDR.
Whilst, PIT decreases the latency of the same methods
by 85.3% and 83.9% respectively.

D. Long-Term Similarity Detection Layer: Evaluation and
Discussion

This section evaluates various methods (e.g. ID and BD)
proposed at the second layer of SHOLO in terms of reducing
the capturing rate of cameras. Firstly, Figure 4 shows the
camera capturing rate, for the first 20 periods, after applying
each method when varying the application criticality level
(7;7") and fixing the frames per period to 20. The obtained
results reveal the following observations:

« ID reduces the capturing rate of the camera more than BD
method. This indicates that pixel-pairwise comparison be-
tween sequential frames are mostly high redundant, while
block-wise comparison requires a significant changes in
the environment to detect a scene.

o The capturing rate of the camera is increased when the
application criticality increases. For instance, most of the
capturing rates during the periods are adapted to less than
10 frames per period when 7" is 30% (Figure 4(a))
and to above 16 when 7,™" is 80% (Figure 4(b)).

Although our methods have significantly reduced the num-
ber of frames collected in each period, such reduction is
subjected to frame loss. Thus, accuracy is considered as
an essential metric when adapting capturing rate. Figure 5
shows the accuracy of each method by varying the application
criticality and fixing the frames per period to 20. The obtained
results show that:

o Both proposed methods show a good accuracy level, e.g.
in range [73.4,92.1]. However, BD method demonstrates
its superiority compared to ID due to more number of
frames submitted by applying BD.

o the accuracy of all methods increases with the increase
of the application criticality. This is because more frames
will be submitted when the application criticality in-
creases. For instance, the accuracy of BD increases from
84.1 to 92.1 when the application criticality increases
from 30 to 80.

IV. CONCLUSION

This paper introduced SHOLO framework that aims to
minimize the data redundancy and conserve sensor energy
in WMSNs. SHOLO used multi-layer similarity reduction
methods at camera sensors to detect short and long term
similarities among collected video data. Extensive simulations
using real-world video datasets demonstrated the framework
efficiency, showing that SHOLO can reduce video data by
up to 93.8% and save energy node compared to existing
approaches.
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