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Abstract: The constantly growing volume of data created globally makes it impossible for the centralised cloud computing method to provide low-latency, high-efficiency
surveillance camera services. In order to alleviate transmission pressure, the load on the main cloud server, and the end to end latency of the video surveillance system, a
distributed computing architecture is developed that immediately analyzes peripheral video data. By lowering the probability of tracker drift or malfunction in the videos, the
suggested Enhanced Multiple Instance Learning with Whale Optimization Technique (EMIL-WOM) enables the classifier to extract the features with lower computing costs and
shorter computation times. For various scenarios, the optimised neural network generates computation models, which are then logically placed in edge devices. The level of
Taekwondo is chosen to address the uneven teaching quality for the goal of real-time analysis as society develops. To solve the teaching challenges in the Taekwondo learning
process and improve the calibre of Taekwondo, the researcher conducted particular study in relation to the tactile learning theory. This research uses scientific and technological
resources as a guide to assess technical actions and strategies and apply them to specific educational experiments for testing. This work analyses and recommends a way for
making innovative services based on the edge computing paradigm. This experimental technique eliminates several interoperability and service scalability issues with conventional
design. The suggested EMIL-WOM achieves 96.5% accuracy, 56.1% computational complexity, 32.4% RMSE, 24.1% RAE, 30% MAE, and 45.3 seconds of response time when

compared to existing approaches.

Keywords: edge computing; enhanced multiple instance learning; feature extraction; video surveillance; whale optimization method

1 INTRODUCTION

Taekwondo is an ancient martial art that originates in
Korea and is organized and scientific. It is currently a
popular international sport [1]. Due to its highly dynamic
motions and emphasis on physical training, tackwondo
differs from other martial arts in terms of their physical
requirements. It is also a martial art that places a strong
emphasis on learning how to use hands, fists, elbows,
knees, feet, and any other part of the body to execute
techniques. In a conference room or other learning
environment, pupils get Taekwondo instruction from their
teacher. The instructor demonstrates and explains the
movements before the students follow pattern [2]. In order
to enhance and obtain excellent performance, the trainer is
crucial to Taekwondo training because it is his or her job
to lead and instruct the students on how to carry out each
technique correctly. Training would be challenging when
there are huge groups involved, according to [3]. All
students may not be able to visibly follow the trainer's
performance because they are positioned too distant or they
can be obstructed through other students because
Taekwondo training often comprises a big group of
learners [4]. In addition, the students struggle with a
shortage of time to attend training courses, and instructors
are occasionally unavailable [5]. As a result, the students
engaged in self-directed training anytime they desired to
enhance their Taekwondo skills. Since the trainer is not
present during this type of training, the learners can do it
whenever and wherever they like. Self-directed learning is
commonly carried out with the use of already available
supplemental learning materials, such DVD/CD (video),
YouTube (online video sites), websites, and books. The
currently available supplemental materials, however, have
a number of drawbacks [6]. Video is rarely used as an
instructional medium [7]. The loss of a third dimension and
feedback is a major issue with the use of videos. Although
the movies can be fast-forwarded, paused, or rewound,
they cannot capture all of the movements of the body.
However, using books alone is insufficient because they

lack interactive features and contain static material that is
difficult to follow when moving. These videos may be kept
in the cloud, often known as cloud computing. It combines
the capabilities of distributed computing, parallel
computing, and grid computing to provide users with
scalable computational resources and storage regions. It
can achieve this by utilising a storage cluster made up of
several low-cost devices and a computational cluster made
up of numerous ordinary servers. Cloud technology is
gradually becoming a network application trend by
providing a new software mode that allows computational
power to flow throughout the network and provides
computational resources services that are comparable to
those offered by supercomputers through combination.
Supercomputer programmes have a very high barrier to
entry since they need a very specialised and costly
investment. Cloud computing, on the other hand, is a low-
cost substitute for high performance computing services as
it links shared PCs and servers to create computer clusters
over the Internet [9]. The distributed storage of a huge
amount of training data and the simultaneous participation
of several cloud nodes in neural network computation are
both capabilities of the cloud computing environment. The
neural network dependent on a cloud computing
environment significantly reduces the preparation time
similar to the neural network operating systems on a single
computer and has the capability to retain and analyze
enormous amounts of training data [10]. In order to
increase the efficiency of network information storage
while addressing the enormous volume of data stored in the
network, this research represents a platform for cloud
computing using a neural network. Depending on this, the
following are the contributions of this paper.

The whale optimization technique works in
conjunction with Enhanced Multiple Instance Learning
(EMIL-WOM), which makes it easier to choose
characteristics and categorise data while spending minimal
time and money on computing. It also lessens the
probability that the tracker will drift or fail. A weighted
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average for data association and state updating approach.
Greater real-time processing speed is taken into
consideration with enhanced precision and accuracy.
Including a comprehensive benchmark against several
leading techniques in edge computing and video analysis,
with detailed performance metrics, would provide a clearer
context for the strengths and weaknesses of EMIL-WOM
and help validate its superiority in practical applications.

The EMIL-WOM (Enhanced Multiple Instance
Learning with Whale Optimization Method) system shows
promising results in specific scenarios by effectively
addressing video-based human motion recognition
challenges. It reduces system latency and enhances user
privacy by processing data at the edge. However, to
broaden its applicability, a detailed analysis of its
scalability across diverse applications and environments is
necessary. Integrating the EMIL-WOM system into
existing setups can be facilitated through a modular design,
ensuring compatibility with various hardware and software
platforms, and adopting standard communication
protocols. Comprehensive training and support for system
administrators and users will further ensure smooth
implementation and operation. By addressing these areas,
the EMIL-WOM system can be refined to perform reliably
across a broader range of applications and environments,
enhancing its effectiveness in human motion recognition
tasks while maintaining user privacy and system
efficiency.

2 RELATED WORKS

A focus of research in computer vision is visual
behavior detection, which has applications in driverless
vehicles, human-computer interaction, and surveillance
cameras. In order to fully utilise the spatial characteristics
in the video, it is important to learn how to extract useful
features. Different classes can be made based on various
feature extraction techniques: behaviour recognition
methods based on deep neural networks [13] and behaviour
recognition methods based on traditional classifiers [11].

The precision of a categorization procedure developed
by Xie et al. [14] relying on Levenberg-Marquardt
backpropagation (LMBP) algorithm oriented neural
network strategy was assessed using a wide range of
permutations of target movement, camera view, subframe
location, and picture modality. This methodology employs
one-dimensional spatial information obtained from
consecutive frames as input. Taekwondo trajectory
analysis d. Due to the fact that Multitarget Detection is
crucial for robots, Zhang et al. created the multiobjective
PSO method. It assists with fuzzy PID controller's
membership function and fuzzy rules optimization. The
optimization outcomes are compared and examined after
obtaining the vector sets for the different optimization
targets. Computer-aided instructional methods are
introducing changes to contemporary higher education at
an unpredictably rapid rate in college and university
classrooms. Long Short Term Memory (LSTM), which
was recommended by Nurahmadan et al. [16], was used to
help this teaching approach. Multilayer Perceptron
Approach minimizes the computing time required by
LSTM, which is a problem when attempting to predict
Taekwondo motions. The DAS (Dynamic Able Success)

club provided the core information for this study, which
included two kicks and two blocks. Hailong et al. [17]'s
objective is to improve the effectiveness of Tackwondo
instruction delivered online by implementing artificial
intelligence algorithms. The model helps perform the
motion guidance and exercises using the simulation
approach and can improve the students' movement by
identifying the Taekwondo movement features of the
students. Data loss is a significant problem when teaching
online, but Zhong et al. [18]'s novel graph convolution
model addresses it by automatically analysing the technical
actions of karate athletes, tracing their trajectory, and
calculating action frequency statistics. The shortcomings
of conventional tactical intelligence analysis techniques
are well compensated for by the technologies.

The convolutional neural network is a multilayer
network, just like the conventional BP neural network. The
convolutional neural network differs because each layer's
neurons are located in two-dimensional space and are
typically targeted at picture signals. A new
encoder-decoder-reconstructor structure was developed by
Ji et al. [19] for video labeling that collected the data in
both videos and captions. This CNN must be integrated
with Various Instance Learning. On the basis of the
encoder-decoder-reconstructor framework, a unique
multi-instance  multi-label dual learning approach
(MIMLDL) was created for video captions. The restriction
of choosing a fixed k value is eliminated by the
Distributionally Robust Optimization (DRO) constraint
introduced by Sapkota et al. in [20]. In order to accurately
obtain the covariance framework of high-dimensional data,
we improve the GP kernel to corrected basis functions by
utilising a deep neural network to find adaptive basis
functions. This ensures the predictive power over
high-dimensional data, which is typical in MIL and
includes videos and images.

Despite significant advancements in human behavior
identification and a wealth of scientific research findings,
the following possible issues still require immediate
attention: The behavior judgement difficulty of Long-term
video still faces numerous challenges because the duration
of videos that are typically shown is significantly longer.
All of the data sets utilised for recognising human
behaviour are dependent on the video level. It cannot
properly detect the existence of continuous video picture
frames if it solely relies on classic CNN. Because
recognising human behaviour is a perpetual process and
some action films contain video segments that are readily
misunderstood, it is important to take the video frame
series' constraints before and after. For certain movement
patterns, there is greater interference, which significantly
lowers judgmental accuracy.

3 PROPOSED METHOD

This section presents a deep learning-based video
control scheme by combining the cloud computing and
collaborative learning models. This concept is made up of
four components, as shown in Fig. 1 a cloud server, fog
nodes, an enterprise server, and a camera. On the cloud
server, open data sets are computed, open neural network
models are created, and network models are distributed to
business servers. Only after building a neural network
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model, does the cloud server get the network weight from
each corporate server, analyses it collectively, and
modifies the results under the part on neural networks,
which also covers accuracy evaluation, action detection
from frames, and data collection.

Algorithm
deployment

Transfer the
weights

Figure 1 System architecture of storage‘of video and its processing steps via
neural network

Tackwondo wunit method: picture frames were
collected for data collecting in order to create TUHAD.
Taekwondo professionals from TUHAD completed each
unit technique. The multidimensional image sequences
were collected using a mono RGB-D camera. The gathered
frames can be preprocessed using the Whale Optimization-
based feature extraction and Advanced Stochastic Gradient
Descent (A-SGD) approach. TUHAD was used to educate
the key frame-based Enhanced Multiple Instance Learning
activity recognition framework. The most effective input
configuration for tackwondo activity recognition was then
determined by testing the identification model's accuracy
with different input configurations.

3.1 Preprocessing of Video Frames

Here, two optimization aspects of the Advanced
Stochastic Gradient Descent (A-SGD) technique are the
Implicit User Queries Structure and the Explicit Online
Cloud or Explicit Picture in Online/Offline Storage
Device. The following approach significantly facilitates
the frames by utilizing these two processing
characteristics. We concentrate on instances where the cost
function fx) has an L - Lipschitz gradient

"Vf(x) —Vf(y)" < L|x-y| and it is 4 - strongly convex

ie., forall x,ye R? [17] as given in Eq. (1).

A
Fx)2 f()+(f () x=2)+ Tl M
We represent the collection I, { f,} of functions that
make up by F. For our method, we maintain an additional
parameter o € R? for each f, € F . We use 4' to denote
o {ai} . Because the algorithm does not describe the

subroutine, it is important to note that this is still abstract.
This function is the essential {a,-} updating mechanism.

Schedule update is triggered every m iterations in the case
of A-SGD. Thus, A’ remains constant for m iterations, and

at the mth iteration, all «; are updated to the present

iteration. For any ¢ in the range [7], at changes at thec ¢-th
iteration in A-SGD. This change is limited to a single A’
element and is determined by the function it's index (the
one selected at iteration #). The A-SGD update in so far as
each iteration only modifies one of the ¢, . But rather than

i, the update for 4"! is based on i*!. A pair of sequence
{@k (W)} niy and {arg } m{_y - >0 denotes an estimate

sequence of function fiw) if oy =0, we R%and all k>0
given in Eq. (2) and Eq. (3) as:

Pk S(aK+l):(1_¢K)f(W) (2)

aga(w)=(1-0g ) ox (w)+

saa (£ () + (V1 (7)) weve +5 3

where (i) fis distinctly convex; (ii) vk is a Random function
on R (iii) {vg}x;—, is a Random sequence on R%; (iv)

{x}fzoz ay €(0,1), ck=0 ak=x; (v)4, =1. Note that
V2@, (w)=yI where I is persona matrix. Hence, prove

that V>, (w)=yI forall k>0.In fact, if it is accurate
for some £k, then, according to the iteration technique of
{(pk} , as given in Eq. (4)

N (w) = (1-ag ) A%p (W) + pag I = ul )

The conversion of the simple scene format into the
split tokenized scene format depends on certain user-
requested process features. After that, two separate
procedures named Frame Match (TM) and Visual Effects
are applied to the input video file in tokenized scene
format. We use a method by choosing a thresholding
technique on that parameter in ability to detect potential
shortcuts:

I,=p-o &)

where ¢ indicates the standard deviation and y is the mean
value of the APE of the size of a series of frames, p. It takes
values in the range of three to five, depending on our
traditional analysis. Because they are GLCM-based, the
Thibaluat characteristics offer a new spatial-temporal
connection that can be used to characterise the region of
interest (ROI) in a sequence of frames. This allows for the
enhanced identification of shot boundaries by capturing
minute textures and structures in frames. The frame
patterns gradually alter in the gradual transitions in
accordance with changes in the values of the Zijdenbos
similarity index and the relationships between the frames.
The angular metric is another name for this angle, which is
a member of the inner product group. The formula for the
Zijdenbos similarity coefficient, zij(sim), is as follows.
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2(a-b) _

zij (sim)[a, b] = |a| +|b|
x(a)x(b)+y(a)y(b)+2(a)z(b) 6)
i@ (0 +2(a oty #5007 +:0)

where, B stands for the claimed vector obtained in the most
recent pixel, and AIS is the estimated vector based on the
most recent observations. Assume that a = (xa, ya, va) and
b = (xb, yb, vb). The three components of each of these
vectors are x, y, and v, where x and y represent the xy
coordinates and v is the velocity. In Eq. (1), the pixel's
coordinates are xb, yb; its velocity is vbis; and its estimated
locations are xa, ya, depending on the pixel that was
reached earlier than the most recent one.

The following succinct description of the shot
boundary recognition system:

Step 1. Initially, if the scaled frame difference dio,(7) is
greater than a max-threshold thmax then the present frame

is chosen to user shot frame djy, (i) > thy,,, -

Step 2. Then we estimate the unique definition

difference value bdog(i), Jedoo(i) as:
bdlog(i) =dlog(i)_dlog(i_ 1)~
fdlog (l) zdlog (l+1) _dlog(i) (7)

The estimated difference value bdlog(i), fdiog(i) must be
greater than a k - threshold Kglobal,

b dlog (l ) global &&fdlog ( ) global

Setp 3. Finally, in the Zijdenbos similarity index the
disparity between every estimated frame's distance bfdog(7)
is defined as:

bfdlog(i) = bdlog(i)+fdlog(i) (8)
It also needs to be higher than a global threshold
thglobal-

3.2 Frame extraction by Whale Optimization Method

Key frame extraction uses elements such colours
(especially the colour histogram), edges, forms, and optical
flow. Here, weused the whale optimization technique,
which consists of three steps: hunting for prey, encircling
prey, and spiraling prey. The application's exploration
phase is one of them, and it involves looking for prey. The
algorithm's exploitation stage also involves prey that is
encircled and prey that spirals in a logarithmic pattern.

Exploitation Phase: When humpback whales hunt,
they first locate their target and circle them. The following
equations illustrate the mathematical formula of
diminishing encirclement:

:‘C‘X(*r) 0

(ts1) = X(y =4 D ©)

where ¢ indicates the current number of iterations, X is the
position vector, X* displays the current location of the best
successful solution, | | stands for the true operation, and
indicates an element-by-element multiplication. Two
parameters, 4 and C, are assessed in the manner described
below:

A=2-a-r-aandC=2-r (10)

2
and
MaxlIter
Maxlter is the large number of iterations. Spiral updating
positions, which work in tandem with the preceding
diminishing encircling to form the humpback whales'
bubble-net assault approach, are another technique utilised
in the exploitation phase. The expressions are:

The value of @ is evaluated by a =2 —t(

D' =|x(, - x;,

Xy =D -cos(22l)+ X,y (11)

where b is a constant that controls the logarithmic spiral's
shape, and / is a random variable in the range [1, 1]. During
the exploitation phase, diminishing encircling and spiral
upgrading positioning are applied together. Here is the
mathematical model:

X(";)—A-Dp>0.5

Xy = . (12)
) 7 pr gt ~cos(27rl)+X(t)p20.5

where p is a value at random inside [-1, 1]. It shows a 50%
probability of choosing the decreasing encircling strategy
or the spiral-shaped mechanism to change the whales'
location during an optimisation stage. The optimal solution
at the time is X*, which is determined by evaluating each
member of the randomly initialized population against the
fitness function. After that, until the stop criteria is
fulfilled, the algorithm is continued. When |4| < 1 or when
|[4] = 1, search agents adjust their place at each iteration in
accordance with either a randomly chosen person or the
best result so far. Based on p, the WOA algorithm decides
whether to use spiral or circular movement to extract

features.
3.3 Enhanced Multiple Instance Learning

Let X ex be the instance-level random variable for
the input and Yy €y, is the instance output, where the

space of X is xCRY, and d is the dimension of the feature
vector, also, Yy ={0,1} Consider Beb is the random

variable input at the frames level and Y; €y, is the
frames-level output.

&b 5l Xk Ef 1
i i L EE

Figure 2 Architecture of EMIL with mput as elght taekwondo actions in TUHAD
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The binary classifier can be specifically defined for
instance-based binary classification problems when the
training samples are i.i.d.:

f(x)=sign(g(x))e{+1, -1} (13)

where g(-) is a mapping function g:R? —R.

o o mff o (2] 09

where C > 0 is a penalty parameter, f€R is a bias

parameter, @ € R” is an m - dimensional classifier weight

to be learned, x, €R? is the d - dimensional instance

feature vector, ¢ : RY — R™ and y; is the instance label. The
initial term of Eq. (14) is the L, regularization and the next
term is the hinge loss term, defined as g(x) =max(0, l—x)
The hinge loss function is not distinguishable, which

should be noted. Employing the instances' highest possible
score to deduce the frames' label from their labels

e+ Xm0 - (@ 2tx) 4] 19

J

where Nj is the total number of the frames. The primary
presumption is that abnormal frames always have a greater
anomaly score than typical frames:

max f(x)>max f(x), forany B, € B, &any B, €b, (16)
XeB, XeBy,

where B, and B, are the given ensembles of failure and
normal video frames, accordingly, and f () is the
evaluated anomaly score for an instance in a frames. The
first term of Eq. (16) denotes the instance (fragment) that,
in a set of anomalous frames (clip), has the greatest
arbitrary number and is most likely to be an aberration. The
video fragment with the greatest abnormality score in a
given normal video is represented by the second term of
Eq. (16), which is most likely a normal occurrence. It
comprises the aberrant video segments' temporal
smoothness and the sparsity term.

L(Ba,Bn):

= max (0,1 —max (O,l—maxf(x)+maxf(x)+lj+ (17)

XeBy, XeBy

+m ZXGBH Of (x) +7, erBn Uf (x)> +h

where 7; and 7, are hyper-parameters that control the
amount of trade-off, and the Af(-) :R? —[-11] is the

discrete gradient function, defined as:

A (%) =1 (x)=f(x+1) (18)

Consider B, ={x1, . X,) where n is the number of

occurrences in a video frame; in our suggested solution,
which was put through its paces in the experiments, n = 32.
The L, regularization sparse, the final factor in Eq. (18),
highlights the fact that anomalies in aberrant footage only
last for a shorter amount of time. It is clear that the positive
frames are penalized with scoring low in the loss function's
initial term. The formula, which is mostly made up of four
sections, illustrates how the loss function of EMIL is
enhanced. Loss center, loss of bounding box size Loss
scale, loss of assurance Loss conf, and loss in classification
Loss class.

3.4 Action Recognition

When evaluating the human body and developing a
human body movement model, it is important to
appropriately consider the variability in the human body as
well as the randomness of the movement process. All joints
are combined and integrated, and each group of three joints
has a shared portion when the Part Dividing layer receives
the athlete's bone characteristics. The result of combining
all the parts is a channel matrix. Graph convolution is then
used to retrieve the three-channel spatiotemporal
properties from such channel matrices. In order to compile
the Taekwondo competitors' actions, we stacked seven
input units.

Table1 Taekwondo action evaluation criteria
Score | Requirement

1 Attack with your hands to the upper or centre portion; attack
with your feet to the same region; and play perfect defence.
2 Attack the top area with your feet, leap into the air, and use

your hands to strike it while keeping one foot above the ground.
Then, jump towards the middle section and attack with your
feet.

3 Leap up, turn around, and hit the elevated part; leap up 180
degrees or higher; jump up and strike the middle portion; or
jump up and do a greater than 180-degree rotation.

4 Jump up 180 degrees and then instantly turn around to land on
the top area; land on the center section by turning around 360 °
or more.

5 Jump up to 360 degrees, pivot, and strike to the top part.

Each input unit consists of a ReLU activation layer, a
BatchNorm layer, and a partial perceptual layer. Each
unit's convolutional layer is completed with a step size of
1 and in accordance with specifications. Tackwondo uses
an accurate and powerful blow to the effective scoring
region while using the permitted methods in order to
determine the winner of the match. Headbutts are valued at
three points, spin kicks and back kicks two points each,
other methods one point, and the referee's reading receives
no extra points. The areas of the face that can be targeted,
the belly, and both ribs all contribute to a method's
maximum three-point score. The knockdown would be
counted if the authorized approach is utilized to strike a
non-valid scoring area that is shielded by safety equipment.
Tab. 1 lists the exact grading guidelines.

4 PERFORMANCE ANALYSIS
The effectiveness of the Enhanced Multiple Instance

Learning with Whale Optimization Method (EMIL-WOM)
is evaluated using criteria like accuracy, precision, recall,
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F1-score, and AUC-score. Three cutting-edge techniques,
including Levenberg-Marquardt backpropagation (LMBP)
[14], Long Short Term Memory (LSTM) [16], and Multi-
label Dual Learning Approach (MIMLDL) [19], are
evaluated with some of these parameters.

Dataset description-TUHAD: Taekwondo Technique
Unit the Human Action Dataset includes almost 100,000
image sequences of 10 professionals using the eight
fundamental tackwondo methods. Every movement was
recorded on film from both the front and the side. Konkuk
University's Institutional Review Board approved the study
procedure (7001355-202004-HR-375). The experiment to
collect action data for TUHAD included 10 professional
tackwondo poomsae demonstrators (or equivalents) of
various heights and physical characteristics. The subjects
were not subjected to any clothing restrictions.

Table 2 Taekwondo event data detection and evaluation

Taekwondo Usage Score Total Action recognition
action frequency | frequency | score Accuracy / %
Front kick 1358 25 57 89

Cross kick 1457 57 56 85

Push kick 345 54 87 86
Downward 568 67 43 84

kick

Single leg kick | 786 13 68 82

Hook kick 458 18 98 81

Back kick 645 43 64 84

Backspin sick | 32 47 23 83

Table 3 Comparison of accuracy and computation complexity
Parameter = accuracy Parameter = computation complexity

@) a
gl |= |2 A5 8 & = g |23
£lg |2 |5 g3 |2 |E |2 |23
g3 |8 |5.85& |2 |8 |S.|&=

—_

1075 |8 |75 |9 10 81 88 77 9
20174 |84 |74 |91 |20 79 77 88 89
30175 |8 |75 |90 |30 89 87 83 89
40|76 |82 |76 |91 |40 82 82 85 92
50075 83 |75 |90 |50 71 83 84 81

[\

Incorporating a section that focuses on the design and
usability of the edge devices, along with feedback from
actual users (such as Tackwondo instructors and students),
would offer insights into the system's effectiveness and
areas for improvement in real-world settings. Conducting
user experience tests and gathering qualitative data on the
interface could inform further refinements.

Tab. 2 shows the Tackwondo event data detection and
evaluation and Tab. 3 shows the comparison of accuracy
and computational complexity for proposed EMIL-WOM
method with existing methods of LMBP, LSTM, and
MIMLDL.

Accuracy
100
90
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E 70
‘5_’ 60
8 50
2 40
< 30
20
10
o
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Frames

WL MBP ®ISTM ®EMIMLDL =EMIL-WOM

Figure 3 Comparison of accuracy

Compuatation complexity
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Figure 4 Comparison of computation complexity

Fig. 5 depicts the performance of RMSE between the
developed EMIL-WOM and the conventional LMBP,
LSTM, and MIMLDL. The X and Y axes, accordingly,
display the number of frames and percentage values. The
proposed EMIL-WOM methodology, in contrary, obtains
32.4% of RMSE, which is 24%, 12.6%, and 24.9% less than
the LMBP, LSTM, and MIMLDL techniques.

Fig. 6 displays the RAE comparison between the
proposed EMIL-WOM and the conventional LMBP,
LSTM, and MIMLDL. The X and Y axes, respectively,
display the number of frames and percentage values. The
proposed EMIL-WOM methodology, conversely, only
obtains 24.1% of RAE, which is 23.3%, 23.9%, and 25%
less than the LMBP, LSTM, and MIMLDL methods.

RMSE
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0 I|II I|II IIII |III IIII
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Frames
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o
o

Root Means Square Error

mLMBP mLSTM mMIMLDL mEMIL-WOM
Figure 5 Comparison of RMSE

Fig. 5 depicts the RMSE comparison between the
suggested EMIL-WOM and the conventional LMBP,
LSTM, and MIMLDL. The X and Y axes, accordingly,
display the number of frames and percentage values. The
proposed EMIL-WOM methodology, in contrary, obtains
32.4% of RMSE, which is 24%, 12.6%, and 24.9% less than
the LMBP, LSTM, and MIMLDL techniques.

Relative Absolute Error
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Figure 6 Comparison of RAE

Fig. 6 displays the RAE comparison between the
proposed EMIL-WOM and the conventional LMBP,
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LSTM, and MIMLDL. The X and Y axes, respectively,
display the number of frames and percentage values. The
proposed EMIL-WOM methodology, conversely, only
obtains 24.1% of RAE, which is 23.3%, 23.9%, and 25%
less than the LMBP, LSTM, and MIMLDL methods.

Tab. 4 shows the comparison of MAE and Response
time (sec) for proposed EMIL-WOM method with existing
methods of LMBP, LSTM, and MIMLDL.

Table 4 Comparison of MAE and Response time
Parameter = Mean Absolute Error | Parameter = Response time / sec

(MAE)

= =
2 o s 9 . 2| & | s 5 .
4 =

c |2 | 2 |58¢: /2|82 53

& 3 =i = ozl & |38 =2 | @2
10 74 84 54 55 10 64 76 80 54

20 73 76 61 42 20 | 65 | 87 | 79 | 45
30 79 73 79 52 30 |73 |75 | 80 | 42
40 75 87 76 44 40 | 62 |79 | 76 | 49
50 79 89 75 57 50 |81 |78 | 79 | 44

MAE

100

O I I I II
0 I I II I I I I I I
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Frames

o o
[=]

Mean Absolute Error
N =3
o O

mLMBP mLSTM MIMLDL = EMIL-WOM
Figure 7 Computation of MAE

Fig. 7 displays the performance of MAE between the
proposed EMIL-WOM and the conventional LMBP,
LSTM, and MIMLDL. The X and Y axes, accordingly,
display the number of frames and percentage values. The
proposed EMIL-WOM methodology, in contrary, only
obtains 30% of MAE, which is 31.7%, 35%, and 37% less
than the conventional LMBP, LSTM, and MIMLDL
techniques.

Fig. 8 compares the response times of the suggested
EMIL-WOM with those of the conventional LMBP,
LSTM, and MIMLDL. The X and Y axes, accordingly,
display the number of frames and percentage values. The
proposed EMIL-WOM methodology, in comparison,
provides a response time of 45.3 seconds, which is
30 seconds, 32 seconds, and 35 seconds faster than the
LMBP, LSTM, and MIMLDL methods.

Tab. 5 shows the overall comparative analysis of
suggested method EMIL-WOM with existing methods of
LMBP, LSTM, and MIMLDL.

Response time(sec)

10 20 30 40 50

Frames

[
P ® O
=] o =] [=]

Response time(sec)
N
[=]

(o]

mLMBP ®LSTM MIMLDL ®=WEMIL-WOM
Figure 8 Comparison of response time

Table 5 Overall comparative analysis

Parameters LMBP |LSTM |MIMLDL |EMIL-
WOM
Accuracy (% 78.5 74.5 85 96.5
Computation complexity | 87.4 89 83 56.1
/%
RMSE | % 56.4 45 57.3 324
RAE | % 47.4 48 49.1 24.1
MAE | % 61.7 65 67 30
Response time / sec 75.6 78 73.3 453

5 CONCLUSION

In the field of human motion recognition, extracting
features from videos is a crucial component, unlike
recognition approaches. The non-rigid structure of the
human body and the presence of obstacles during motion
make video-based human movement capture particularly
difficult. Conventional distributed cloud computing video
surveillance technology has high system latency and
transmits a large amount of network data, which could
compromise consumer privacy. To address these issues,
this paper suggests using an Enhanced Multiple Instance
Learning with Whale Optimization Method (EMIL-WOM)
technique to distribute video analysis on an edge
development board. This model is designed to gather
information from the video surveillance system at the
computing edge. By developing the neural network model
on the enterprise's servers, the need for data transmission
is eliminated, thus protecting user privacy and significantly
reducing the strain on cloud computing and storage servers.
Future studies will focus on network security methods for
effective data transmission. Future studies should focus on
adaptability to different conditions (e.g., lighting, weather),
robustness in crowded areas, and efficiency in larger
networks. Enhancements in integration with existing
surveillance infrastructure are also crucial. Additionally,
exploring advanced network security methods is essential
to protect data during transmission and storage.
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