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Abstract. Activity recognition is the interest gaining research area, as the need for monitoring and controlling
the public and the society to ensure the detection of the suspects and the illegal activities is of prime importance.
The process of recognizing the activity of the humans is employed in various applications, mainly in the field of
security to identify and detect the suspects. Accordingly, this paper uses a novel method named as the FuzzyDDBN classifier to categorize the human activities in the video. At first, the keyframes are extracted from the
video based on the Bhattacharya similarity measure, and the keyframes are subjected to feature extraction using
the Scale Invariant Feature Transform (SIFT) and the Spatio-Temporal Interest (STI) descriptor. The features
extracted from the descriptors are fed to the classifier for classification that in turn, uses the GMM clustering.
The classified output from the proposed Fuzzy-DDBN classifier, which is the combination of the fuzzy and the
Dragon Deep Belief Neural Network (DDBN) classifier is merged using the correlation coefficients. The
proposed method is experimented using two standard datasets to prove the superiority of the method with an
accuracy of 0.98, specificity at a rate of 0.981, and sensitivity at a rate of 0.98 respectively.
Keywords. Deep Belief Neural Network; Dragonfly optimization; fuzzy classifier; activity recognition;
Gaussian Mixture Model Clustering.

1. Introduction
Nowadays, human activity recognition is a vital area in
computer vision research. The applications of activity
recognition include patient monitoring systems, video
surveillance systems [1], and systems, which involve
interactions among electronic devices and persons, like
human–computer interfaces [2]. Human activity recognition from still images or video sequences is a difficult task
owing to problems like appearance, lighting, viewpoint,
changes in scale, partial occlusion, and background clutter.
The activity recognition is actively concentrated and the
digital cameras are employed for capturing the regular
activities of the humans [3, 4]. Due to the employment of
the digital camera in monitoring the daily activities, the
video sources [5] are spread widely on the internet, and the
solution for solving the issues related to the classification of
the action classes is attained. However, the processing is
time-consuming if the manual power is employed for the
action classification [6]. The process of action recognition
finds a valuable application in the field of entertainment,
*For correspondence

sports, smart home, and healthcare. The activities are categorized such that the irregular movements like walking
running, jogging, and so on, which are already available in
the considerable movement range, are traced as the normal
behaviors [7].
The human activities are categorized into four types,
namely group activities, interactions, actions, and gestures.
Group activities completed by groups contain multiple
persons. Interactions involve two or more persons. Actions
are performed by a single person, which include multiple
gestures, like reading, walking, and so on. Gestures are
simple movements of a body part of a person [2]. The main
aim of the human activity recognition [8–10] is to automate
the analysis of ongoing activities using an unknown video
[11, 12]. The video is read using the human activity
recognition system, and it is segmented to possess a single
execution such that the individual segment represents the
single activity and the activity recognition functions to
classify the activity in the video [13]. The sequence of
images is used for the human activity inference that is
named as the Space-Time Volume (STV) [14]. The Spacetime approaches consider the video input as a 3-D (XYT)
video volume and assume an action to a particular class of
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STV. The features are extracted from the input video, and
they are fed to the classifier for the classification and the
features used for recognition are classified into two main
categories, such as global features and local features [4].
Following is the process associated with the localization of
the person or activity based on the foreground extraction
and the often employed methods for the localization of the
action is motion pattern-based methods. For the extraction
of the features, a number of methods are employed such
that most of the methods are based on the intensity and
hence, the trade-off between the density and the informativeness is reached. The proper trade-off reduces the computational complexity of the entire recognition process
[15].
The human activity recognition [8, 16] is classified as
model-based recognition system and the model free-based
recognition system [15, 17]. On analyzing the model-based
approaches for the human activity recognition, it is clear
that there exists a trade-off between the retrieving information and the computational cost and robustness of the
method that makes the model-free methods highly advantageous [4]. The advantages of the model-free methods are
due to the posture, global motion, and the local motionbased features. These approaches depend on the cross-view,
templates of activity or the texture of the activities [6]. The
common methods of activity recognition are to develop the
templates of activities based on the temporal templates of
motion energy images and motion history images. The
pattern extraction methods like the Local Binary Patterns
(LBP) extracts the dynamic texture patterns for recognizing
the activity of the humans [18]. The improved version of
the LBP is the uniform LBP that possesses the high discriminative capacity to recognize the objects. The usage of
the uniform patterns not only reduces the length of the LBP,
but also improves the performance of classifiers [19]. Many
application developers and researchers have developed an
activity recognition system. Machine learning [20] based
techniques have been extensively implemented for the
sensor-based activity recognition. Anyhow, activity recognition becomes more challenging and cost-intensive.
The paper introduces a method for performing the
activity recognition in videos. The proposed method is
called as Fuzzy-DDBN that is the combination of the fuzzy
and the DDBN, where the DDBN is the optimization process formed with the integration of the dragonfly optimization in the Deep Belief Neural network (DBN).
Initially, the video is segmented to form the single object
represented in a frame, and the keyframe is extracted using
the similarity measure, termed as the Bhattacharya similarity coefficient. The Bhattacharya similarity coefficient
retrieves the keyframes that are used for the extraction of
the features. The keyframes are required to offer an
improved feature extraction such that the recognition
becomes effective and faster. The features, such as the
motion pattern and the other local features, are extracted
using the SIFT and the STI descriptors. The extracted
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features are fed to the proposed Fuzzy-DDBN such that the
effective classification is enabled. The proposed FuzzyDDBN uses the GMM clustering to cluster the data points
present in the feature vector. Accordingly, the action class
is determined.
The contribution of the paper is as follows:
i) Fuzzy-DDBN for activity recognition:
The proposed Fuzzy-DDBN is the combination of the
fuzzy classifier and the DDBN classifier that employs two
correlation coefficients to combine the classification results
of the fuzzy classifier and the DDBN classifier. The model
uses the GMM clustering to cluster the data points based on
the action class, and finally, the correlation factor is
employed for the calculation of the correlation coefficients.
The optimization is enabled in the proposed Fuzzy-DDBN.
The paper is organized as follows: section 1 discusses
the background and gives a brief introduction to the paper,
section 2 presents the motivation of the paper presenting
the existing methods of big data classification along with
their drawbacks. In section 3, the proposed method of the
activity classification using the Fuzzy-DDBN is presented
with the algorithmic steps, and section 4 presents the
results and the discussion of the proposed method that
highlights the superior performance of the proposed
method. Finally, section 5 concludes the paper.

2. Motivation
2.1 Related works
Sajjad Hossain et al [21] had proposed an active learning
based adaptive activity recognition model that solved the
problems associated with the collection of a large number
of ground truth information. The main advantage of the
method is that the proposed method is capable of discovering the unseen new activities and to add the new activity
class in the learning model. This active learning is not
capable of the crowded videos, as they are inefficient in
providing the correct labels. Dinesh Singh and Krishna
Mohan [22] proposed an approach for the activity recognition using the formation of the graph from the video
activities and graph kernel support vector machine. The
approach offers the ability to differentiate the behavior
activities of the object in the video. Though the graphical
representation and the use of the graph kernel increase the
robustness of the method, the differentiation of the global
activities and the local activities is impossible to differentiate. Ryoo and Larry Matthies [7] introduced a method that
cleared the problems associated with recognizing various
interaction-levels of human activities. The global and the
local features are obtained from the videos of the first
person, and it is finalized that the multi-channel kernels
organize all the features. It can recognize only the friendly
activities of humans. Anuradha Maid and Siddharth B
Bhorge [6] proposed a method, in which the interest points
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are detected, and the features are extracted using the Discrete Wavelet Transform (DWT) such that the features are
presented for classification of the activity. The activity is
classified using the classification algorithms, such as the
K-Nearest Neighbor (KNN) and the Support Vector
Machine (SVM). The main advantage is that the computation time is independent of the classes and offers better
recognition accuracy, but the accuracy depends on the
descriptor fusion. Javid Ullah and Muhammad Arfan Jaffar
[23] introduced a method that solves the problem of
localizing and recognizing the activity from the large set of
the videos, for which it employs the holistic and motionbased information (called motion cues). The learning
classifier used for the classification reduces the computation
time and enhances the classification accuracy, but this
method did not use the tracking methodologies or human
detectors. Zhelong Wang et al [13] proposed a recognition
model, Transfer learning mixed and Reduced Kernel
Extreme Learning Machine (TransM-RKELM), which
overcomes the problem caused by the improper recognition
due to the previous model. The kernel function is minimized by employing the kernel fusion method. As a result,
the cost of computation is reduced, but the method is
affected by the dynamics. Li Liu et al [3] proposed a
Bayesian network-based probabilistic generative framework, for characterizing the complex activities and this
method is found to overcome the problems associated
with the exhaustive search, and the method is more
flexible and efficient. The main disadvantage is regarding
the fixed structure of the method that results in overtraining and under-training of the classifier network.
Ramasso et al [11] designed a human behavior recognition that solves the problem existing between the analogue observations of the real world and the symbolic
world of human interpretation. The proposed method
named as Transferable Belief Model framework is robust
and it is capable of integrating the new features in the
process of updating the new action class. However, this
method is application dependant that it may be sometimes unreliable and inaccurate.

2.2 Challenges
The challenges of the activity recognition methods are:
• For developing a robust and stable model, it requires
a vast amount of labeled data – ground truth
information that is cumbersome and infeasible due
to the diversity of the similar activity among
different individuals [7].
• The second challenge is regarding the extraction of the
effective features and the cost of the extraction of the
features [22].
• Traditional methods are less accurate because of the
inefficient features, and the misclassification occurred
in the method [6].
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• The traditional methods of human recognition achieve
poor accuracy and the time consumption is greater.
Moreover, the manual recognition requires the continuous monitoring of the events occurring in the video
for a long time that dissatisfies the predicting and
tracking community [11].
• Above all, the computational complexity is a hectic
challenge of the activity recognition system [3].
The proposed method is designed by considering the
limitations of the existing works in human activity recognition. In the proposed work, keyframes are extracted from
the video by the Bhattacharya coefficient, and the features
are extracted from the keyframes. Hence, the computational
complexity of the proposed method is low when compared
to the existing methods. The SIFT descriptor is used for the
feature extraction, which is highly accurate than any other
descriptor. The importance of the SIFT relies on the identification of the key features that do not differ in scale and
orientation. Here, the fuzzy classifier is utilized for classification, which does not require the expert knowledge in
developing the classification model. Also, the proposed
Fuzzy-DDBN is significant, it is capable of taking intelligent decisions, and it is user-friendly. The proposed method
detects all the activities of humans.

3. Fuzzy-DDBN: Proposed method of activity
recognition
This section presents the proposed method of activity
recognition. The proposed Fuzzy-DDBN utilizes the features of the keyframes for the classification of the data to
recognize the activity of the object in the frame. The frames
are allowed to measure the similarity between them using
the Bhattacharya coefficient that retrieves the keyframes
from the total number of frames present in the video. The
keyframes possess the capability to provide valuable features, such as motion, appearance, and so on, by enabling
effective activity recognition. The key frames are provided
to the SIFT and the STI descriptors to extract the local
features and the motion-related features. The extracted
features are used to train the classifiers such that upon the
arrival of the new data, the activity is easily recognized.
The proposed classifier is the combined effort of the fuzzy
classifier and the DDBN classifier. The combined output
from these classifiers is fed to the GMM clustering module
that clusters the actions and provides the action class. The
overall process of the proposed method of action recognition is depicted in figure 1.
Let us consider the video, V with n number of frames as
F ¼ fF1 ; F2 ; . . .; Fi ; . . .; Fn g

ð1Þ

where, n is the total number of frames present in the video
V and Fi is the ith frame present in the video.
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Figure 1. Block diagram of the proposed method of activity recognition.

3.1 Bhattacharya Coefficient for the selection
of the key frames

3.2 Feature extraction for effective recognition

The video is composed of a number of frames, and it is
essential to select the keyframe. Here, the keyframes are
selected from the input video based on the Bhattacharya
coefficient. The need for the selection of the Key frames
is that they are used to set parameters for motion, effects,
audio, and many other properties, mainly changing them
over time. A keyframe marks an object in time, where the
value of the property, such as spatial position, opacity, or
audio volume is specified, and the values between the
keyframes are interpolated. Whenever the keyframes are
used to note a change over time, a minimum of two
keyframes are specified among which one keyframe is
used for specifying the state of the object at the beginning of the change, and the second keyframe is used for
the new state of the object at the termination. The
Bhattacharya coefficient measures the similarity between
two frames, and it is the measure of the overlap existing
between the samples of the population. The coefficient
considers the relative closeness of the two frames and
this measure is found to be more reliable when compared
with the other similarity measures. The similarity measure is determined based on the formula shown in Eq. (2)
that determines the similarity between the frame Fi and
the neighboring frame, Fiþ1 .
BðFi ; Fiþ1 Þ ¼

b qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
X
 k ﬃ
ðFik Þ Fiþ1

ð2Þ

k¼1

where, BðFi ; Fiþ1 Þ refers to the Bhattacharya coefficient of
the two frames. The selected number of the keyframes is
determined using the Bhattacharya coefficient, denoted as
F  ¼ fF1 ; F2 ; . . .; Fl ; . . .; Fs g

ð3Þ

where, s denotes the number of the selected frames from the
total number of frames present in the video.

The recognition of the activities in the video becomes
effective only when the effective features are presented to
the classifier. The feature extraction is enhanced through
the use of two descriptors, namely the SIFT descriptor and
the STI descriptor. This section details the features
extraction from the frames using the SIFT features and the
STI features.
3.2a SIFT features: The SIFT [24] extracts the scale-invariant features based on the local features that offer the full
coverage of the scales and locations of the frames present in
the video. The purpose of using the SIFT descriptor for the
feature extraction is that the SIFT descriptor is a classic
approach that is highly accurate than any other descriptor
and it is rotational and scale invariant. The importance of the
SIFT relies on the identification of the key features that do
not differ in scale and orientation. Hexagonal SIFT (H-SIFT)
generate the features of a reference image and stores in the
database through rotation, translation, and scaling. Generally, there are two main processes associated with H-SIFT
feature extraction, namely detection of the key points and
generating the descriptor associated with each of these
detected key points. These key points appear like a blob, and
SIFT defines the center ðp; qÞ, characteristic scale k, and
orientation for each key point ð/Þ. Because of this
ðp; q; k; uÞ, the features extracted using the SIFT descriptor
does not undergo any variation upon rotation, translation,
and scaling of the image. In other words, the H-SIFT
descriptor is invariant. SIFT uses the following steps to
generate the SIFT features.
Step 1: Detection of the scale-space: The initial step in
the SIFT feature extraction is to detect the scale space that
is established in the Gaussian scale-space, and the main
intention of this step is to identify the stable features all
over the entire scale. During the detection of the scalespace, all the edges and the corners of the frames are
excluded as they do not possess any useful information, and
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it is notable that the stable features lie on the Laplacian area
of the frame and hence, notated as, Rðp; q; kÞ that is
determined using the convolution with the Gaussian space
that is given as
RSIFT ðp; q; kÞ ¼ Gðp; q; kÞ  Fl ðp; qÞ
 2 2
1
 p þq2
2k

e
where; Gðp; q; kÞ ¼
2pk2

ð4Þ
ð5Þ

RSIFT ðp; q; kÞ refers to the smoothened image with
smoothing parameter k and the center position is denoted as
ðp; qÞ, Gðp; q; kÞ denote the 2D Gaussian function with the
smoothing parameter k and center position ðp; qÞ, and
Fl ðp; qÞ indicates the lth frame with the center position
ðp; qÞ and  represents the Gaussian convolution. The
location of the stable features is determined efficiently due
to the use of the Difference-of-Gaussian function (DoG)
that uses the difference of the adjacent scales, which are
isolated from each other by a multiplicative factor, f . Thus,
the DOG is given by
Dðp; q; kÞ ¼ ðGðp; q; f kÞ  Gðp; q; kÞÞ  Fl ðp; qÞ
Dðp; q; kÞ ¼ RSIFT ðp; q; f kÞ  RSIFT ðp; q; kÞ

ð6Þ
ð7Þ

where, Dðp; q; kÞ indicates the DoG. For obtaining true
scale invariance, the Laplacian factor R gets normalized
using the heat diffusion equation as
kr2 R ¼

oR Rðp; q; f kÞ  Rðp; q; kÞ

ok
fk  k

ð8Þ

Solving the above equation, we get


Rðp; q; f kÞ  Rðp; q; kÞ  ðf k  kÞ k r2 R


Rðp; q; f kÞ  Rðp; q; kÞ  ðf  1Þ k2 r2 R

ð9Þ
ð10Þ

Equation (10) implies that the DoG function is the
multiplication of the square of the smoothing parameter k2
and ðf  1Þ remains constant for all scales and it does not
influence the extreme location of the stable features and it
nullifies when f takes the value zero. The positional accuracy of each feature is checked using the transformation
principles, namely rotation, scaling, affine stretch, change
in brightness and contrast, and the addition of image noise.
These transformations get applied to the image such that
the image appears the same even after the application of
these transformations. Thus, highly stable key features get
retrieved.
Step 2: Localizing the key points: After localizing the
highly stable key features, the position of the stable features
are localized, and the selection of the key feature is based
on the comparison of a pixel with its neighbors, and hence,
the low contrast images are rejected mainly in the images
along its edges and corners. According to the Taylor series,
the scale-space function dðp; q; bÞ at a point vis as follows

DðvÞ ¼ D þ

5

oDT
1 o2 D
v þ vT 2 v
2 ov
ov

ð11Þ

where, DðvÞ is the DOG at the sample feature point
v ¼ ðp; q; kÞT . Differentiate equation (11) with respect to v
and equate it to zero to obtain equation (12) given below,
v^ ¼ 

o2 D1 oD
ov2 ov

ð12Þ

Equation (12) gets added with the location of the sample
feature v, such that the location of the extremum is
obtained. Substituting (12) in (11), it gives
Dðv^Þ ¼ D þ

1 oDT
v^
2 ov

ð13Þ

Using (12), the low contrast and the unstable extrema are
removed. To detect the stable features, not only the feature
with low contrast is eliminated, but also the feature present
at the edges gets rejected as they respond to the small noise
levels. The response of the principle curvature is large at
the edges, whereas it is small at the other perpendicular
positions. Principle curvature gets computed using the
Hessian matrix that is computed at the location and scale of
that particular key feature. The Hessian matrix is


Dpp
H¼
Dqp

Dpq
Dqq


ð14Þ

where, Dpp , Dpq , Dqp , and Dqq are the derivatives that are
determined using the difference between the adjacent pixels. It is clearly known that the eigenvalues of H are
directly proportional to the principle curvatures of D. The
largest and the smallest eigenvalues of H are k and w,
respectively. The sum of the eigenvalues and the product of
the eigenvalues are computed through determining the trace
of Hm and jHm j.
Trace ðH Þ ¼ Dpp þ Dpq ¼ v þ d

ð15Þ

 2
DH ¼ Dpq Dqq  Dpq ¼ vd

ð16Þ

When DH becomes negative, the feature point is eliminated, since they are not the extremum points. Consider cas
the ratio of the largest and the smallest eigenvalue,
therefore,
c¼

v
) v ¼ cd
d

ð17Þ

The condition or the principle curvature is determined by
dividing the determinant value with the trace of the Hessian
matrix, given as
½Trace ðH Þ2 ðv þ dÞ2 ðcd þ dÞ2 ðc þ 1Þ2
¼
¼
¼
DH
vd
c
cd2
Thus, the ratio of the principal curvatures,

ð18Þ

5

Page 6 of 16

Sådhanå (2020)45:5
½Trace ðH Þ2 ðc þ 1Þ2
\
DH
c

0

ð19Þ

2

hðpþqÞ i

1

B
C
B
C
G ¼ expB
C
@ð2pÞ3 :r4m :s2m A
2
2r2m  k 2
2sm

Therefore, the above equation (19) describes that the ratio
of the principal curvature of the features points greater than c

ð25Þ

2

Þ
gets eliminated. The term ðcþ1
is the threshold value, and it
c
becomes minimum when the eigenvalues are equal and
increase with the factorc. This condition enables calculating
the efficient, stable feature points without any edges.
Step 3: Assigning the orientation of the key feature: Once
the key features get located, the orientation gets determined
using the local image properties. For every pixel of the
image Fl ðp; qÞ, the orientation /ðp; qÞ and the magnitudemagðp; qÞ get calculated based on the difference in the
pixels.

magðp; qÞ ¼

The second-moment gradient is based on the spatiotemporal image gradients and is denoted as

T
rL ¼ Lp ; Lq Lk
ð26Þ



 

c :; r2 ; s2 ¼ G :; ur2 ; us2  rLðrLÞT

The location of the features is determined using the local
maxima defined as in Eq. (28). The size of the features can
be used to compare the spatio-temporal features of the

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
½RSIFT ðp þ 1; qÞ  RSIFT ðp  1; qÞ2 þ ½RSIFT ðp; q þ 1Þ  RSIFT ðp; q  1Þ2

 SIFT

R
ðp; q þ 1Þ  RSIFT ðp; q  1Þ
/ðp; qÞ ¼ tan
ð21Þ
RSIFT ðp þ 1; qÞ  RSIFT ðp  1; qÞ
1

where, magðp; qÞ is the magnitude of the feature with the
location ðp; qÞ, /ðp; qÞ is the orientation, which denotes the
location of the key points. Thus, the SIFT feature of the lth
keyframe is given by
f l ¼ mag ðp; qÞ  Gðp; qÞ

ð22Þ

where, mag ðp; qÞ refers to the magnitude of the frame
centered at the location ðp; qÞ and Gðp; qÞ indicates the
Gaussian function.
The features extracted from the s keyframes are represented as
f SIFT ¼ f1SIFT ; f2SIFT ; . . .; flSIFT ; . . .fsSIFT

ð23Þ

where, flSIFT is the SIFT feature extracted from the lth
keyframe.
3.2b STI features: The STI features [25] are used to
extract the motion patterns that correspond to the primitive
events as a result of the movement of the object from
frame-to-frame. The local features are identified from the
frame F l ðp; q; kÞ using the small-scale representation. The
small-scale space of the frame Fl determined using the STI
feature extraction is denoted as




ð24Þ
L :; r2 ; s2 ¼ F l ðp; q; kÞ  G :; r2 ; s2
The above equation is based on the Gaussian convolution
kernel, and G is expressed as

ð27Þ

ð20Þ

frame through the automatic selection of the scaling parameters, ðr; sÞ. Additionally, it is noted that the shape of the
features is related to the velocity of the pattern, and the
velocity of the pattern is required to select the stable features.
H ¼ Dc  k trace3 ðcÞ

over

ðp; q; kÞ

ð28Þ

where, ðr; sÞ represents the spatio-temporal scale parameters. The features related to the scale and the velocity of the
object are determined to compute the invariance of the
object concerning the size of the object in the frame. The
motion and the spatial appearance of the actions/activity in
the frame are extracted from the local features of the spatiotemporal neighborhoods. To compute the local features, the
spatial-temporal jets are computed, which is denoted as


J ¼ Lp ; Lq ; Lk ; . . .; Lkkkk
ð29Þ
Thus, the features extracted using the STI are represented
as
f STI ¼ f1STI ; f2STI ; . . .; flSTI ; . . .; fsSTI

ð30Þ

where, flSTI is the STI feature extracted from the lth frame.
3.2c Constructing the feature ensemble: The features of
the key frames are obtained using the SIFT and the STI
descriptors. The features extracted from the SIFT and STI
are represented as
W¼

f1SIFT ; f1SIT ; f2SIFT ; f2SIT ; . . .; flSIFT ; flSIT ; . . .;

fsSIFT ; fsSIT
ð31Þ
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where, W refers to the feature vector.
flSIFT ; flSIT refers to the features extracted using the
SIFT and the STI descriptors from the lth keyframe.

3.3 Activity classification using the proposed
Fuzzy-DDBN classifier
This section depicts the classification of the action in the
video frames using the proposed fuzzy-DDBN classifier,
which combines the advantages of fuzzy classifier and the
DDBN classifier. The reason for choosing the fuzzy
classifier and DDBN is described as follows: the fuzzy
logic handles problem with incomplete and imprecise
data, it models the nonlinear functions of arbitrary complexity, and it is simple and flexible. Meanwhile, DDBN
increases the overall performance of the DBN, by selecting the weights optimally using DA. Thus, the proposed
Fuzzy-DDBN is significant, as it is capable of taking
intelligent decisions. In other words, the proposed method
provides the optimized decisions regarding the activity of
the person in the video.
Fuzzy classifier: The fuzzy classifier [26] is regarded as
the non-linear mapping process that maps the relationship
between the inputs and the outputs. The classification using
the fuzzy classifier is represented as the if-then rules for
mapping the relationships in the form of symbols that
enables the better understanding of the users. The symbolic
representation of the relationship between the input features
and the output classes cannot be interpreted by the humans.
The fuzzy classifier is deliberated as an optimization
problem and the optimization issues are regarding the
selection of the number of rules for representing the classification model, selecting the parameters of the membership functions, and the selection of the input features such
that the selected features enhance the performance of the
classification system with the minimum time for training
and testing. The main advantage of the fuzzy classifier is
that it does not require the expert knowledge in developing
the classification model. The fuzzy classifier discussed in
this paper employs the subtractive clustering approach in
the selection of the appropriate rules for developing the
model. The steps of the fuzzy classifier are:
Fuzzification: The prime step in the fuzzy system is the
fuzzification that accepts the system input, which are the
features of the keyframes and transforms them into the
fuzzy data or the membership functions.
Fuzzy inference process: In the inference system, the
membership functions and the control rules are combined to
derive the fuzzy output. It is noted that the fuzzy rules and
the membership functions are selected based on the fuzzy
subtractive clustering that uses the similarity measure to
group the data points with respect to the center cluster.
Defuzzification: The defuzzification computes the associated output for an input and enters the output in the
lookup table, and the lookup table is referred in future for
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retrieving the classification model of the current input
based on the application.
The schematic representation of the fuzzy classifier is
presented in figure 2. The advantages of using fuzzy are
that it possesses the facility to deal with the vague systems,
does not require the accurate quantitative model to determine the appropriate action, operates faster with simple
programs, and it stands as an effective decision support
system.
DDBN classifier: The DDBN classifier is the optimization process obtained by the combined effort of the DBNs
and the Dragonfly optimization algorithm. DBNs are the
composition of layers, namely the Restricted Boltzmann
Machine (RBNs) and the Multilayer Perception, which act
as the feature detectors to perform a supervised classification. The weights are learned using the dragonfly optimization process that determines the optimal weights to
train the DBNs. The weight update in the DDBN obeys the
hunting behavior of the dragonflies for which the static and
the dynamic behaviors of the dragonflies are used. The
survival of the fittest is based on the exploration and the
exploitation phase along a single favorable direction. Thus,
the DDBN offers an optimized classification of the activity
based on the features of the keyframes.
3.3a Training phase of Fuzzy-DDBN classifier: The
training phase of the proposed Fuzzy-DDBN is progressed
as follows: The features extracted from all the keyframes
using the SIFT and STI represent the training data. Assume
that the training data be represented as,W T consisting of the
g number of the keyframes and the dimension of the
training data is represented as ½g  k where, g refers to the
number of the keyframes and k be the size of the concatenated data obtained using the descriptors, SIFT and
STI. Let us denote the action class of the g key frames as I,
of dimension ½g  1. The classifiers are trained such that
the action recognition is performed effectively upon the
arrival of the new data. Figure 3 represents the training
procedure of the data. The features from the training data
are initially trained using the fuzzy and the DBN classifiers
such that the outputs are concatenated using the correlation
factors. The activity classification is carried out using the
GMM clustering such that all the similar actions are
grouped under a class, and this GMM clustering aims
towards the maximization of the Likelihood. Finally, the
correlation factors are determined using the correlation
existing between the GMM clustering output and the output
from the individual classifiers. Thus, the derived output
from the proposed classifier offers the action class of the
corresponding input data.
The training data W T is given as the system input to the
fuzzy classifier, and the fuzzy output is generated based on
the subtractive clustering-based fuzzy rules. The output
generated from the fuzzy classifier is represented as
 
ð32Þ
X1 ¼ Fuzzy W T

5
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Figure 2. Basic schemata of the Fuzzy Classifier.

Figure 3. Optimal Activity classification using the proposed Fuzzy-DDBN.

The dimension of the output generated using the fuzzy
classifier is represented as, ½g  1. The output obtained
from the DDBN classifier is
 
X2 ¼ DDBN W T
ð33Þ
The proposed Fuzzy-DDBN classifier fuses the output
from the fuzzy classifier and the DDBN classifier to represent a single feature vector. The concatenated output of
the classifiers is given by
X ¼ ½X1

X2 

ð34Þ

The concatenated output of the classifiers is of dimension, ðg  2Þ. The output of the Fuzzy-DDBN classifier X
possesses g number of data points and X is provided to the
GMM for clustering the data points.
GMM clustering for generating the activity class The
GMM clustering [4] is employed to determine the action

class of the data through the grouping of the data points
present in the concatenated feature data, X. The mixture of
Gaussians is used to model the cluster as
PðzjQÞ ¼

K
X

 
xj Pj zjhj

ð35Þ

j¼1

Q ¼ ðx1 ; . . .; xK ; h1 ; . . .; hK Þ

ð36Þ

where, the parameters are shown in Eq. (31) such that
PK
j¼1 xj ¼ 1 and the individual Pj indicates the Gaussian
density function that explains that the K component densities are merged with the Kmixing coefficients. The mixing coefficients are denoted as hj .
Let z ¼ fz1 ; z2 ; . . .; zN g denotes the set of the data points
present in the feature X that is of dimension, ðg  kÞ and
ktakes the value 2. The concatenated data possess g number
of feature points, and it is essential to determine Q such that
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PðZjQÞ remains in maximum. The value of PðZjQÞ should
be in maximum for the activity class. The log-likelihood
function is defined to estimate the value of Q that is given
as follows:
U ðQÞ ¼ log PðZjQÞ ¼ log
¼

N
X
j¼1

log

K
X

N
Y


P zj Q
j¼1
!

xt Pt ðzt jQt Þ

ð37Þ

t¼1

The likelihood function is not eased to optimize, since it
contains the log of the sum. Therefore, for simplification,
consider yi 2 f1; . . .; K g. Thus, the likelihood is
U ðQÞ ¼ log PðZ; YjQÞ ¼ log

N
Y


P zj ; yj Q

5

are generated for feature extraction using the SIFT and STI.
The test data is applied to the fuzzy classifier, and the
DDBN classifier and the results are clustered using the
GMM clustering to recognize the activity class. Let us
represent the test data as, Y. The data is classified using
both the fuzzy classifier and the DDBN classifier and the
output from both the classifiers are given as,
Y1 ¼ FuzzyðY Þ

ð42Þ

Y2 ¼ DDBN ðY Þ

ð43Þ

The output from the fuzzy classifier and the DDBN
classifier are combined using the correlation coefficients a
and b and the output of the test data classification is given
by,
OfuzzyDDBN
¼ aY1 þ bY2
test

ð44Þ

j¼1

¼

N
X
j¼1

N

   X



log P zj yj P yj ¼
log wyj Pyj yj hyj
j¼1

4. Results and discussion
ð38Þ

The maximization problem is solved optimally using the
Expectation-Maximization problem and the output from the
GMM is denoted as, X3 that is of dimension, ðg  1Þ. The
class corresponding to the maximum PðZjQÞ that is used to
retrieve the class is the optimal class. The result from the
GMM clustering is employed for the calculation of the a
and b values, such that the values ofaand bare determined
based on the correlation factor, given by
a ¼ CorrelationðX1 ; X3 Þ

ð39Þ

b ¼ CorrelationðX2 ; X3 Þ

ð40Þ

The correlation factor is the statistical measure that
determines the extent to which the two vectors fluctuate
together. The factor a determines the correlation between
the vectors, X1 and X3 and the factor b determines the
correlation between the vectors, X2 and X3 respectively.
The values a and b determined using the correlation concept is employed for determining the output of the proposed
classifier such that the absolute class is determined. The
output of the proposed classifier is given by,
OfuzzyDDBN ¼ aX1 þ bX2

ð41Þ

where, a andb are the correlation factors. X1 andX2 are the
outputs of the fuzzy classifier and the DDBN classifier and
the output of the proposed Fuzzy-DDBN classifier is represented as, OfuzzyDDBN . Thus, in the training phase, the
features extracted from all the keyframes are used to train
the fuzzy classifier, and the DDBN classifier and the output
activity class is stored in the database that forms the ground
truth of the activity classification.
3.3b Testing phase of the proposed classifier: Whenever a
new video arrives for classifying the activity, the keyframes

This section depicts the results and discussion of the proposed method that offers the activity recognition, and the
performance analysis is compared with the existing
methods.

4.1 Experimental set-up
The experimentation of the proposed technique of activity
detection in videos is done in the system with 2 GB RAM,
Intel core processor, Windows 10 Operating System. The
technique is implemented using the software tool
MATLAB.

4.2 Dataset description
The datasets used are KTH dataset and Weizmann dataset
for the process of recognition using the proposed algorithm.
4.2a Human action recognition using KTH Dataset
[27] The current video database consists of six different
types of human actions, such as walking, jogging, running,
boxing, hand waving and hand clapping that is done several
times using 25 subjects under four different scenarios. The
scenarios include the outdoors s1, outdoors with scale
variation s2, outdoors with different clothes s3 and indoors
s4. At first, the database possesses 2391 sequences that are
taken over homogeneous backgrounds using a static camera
at a frame rate of 25 fps. The sequences are downsampled
to the spatial resolution of 160 9 120 pixels and hold a
length of four seconds in average. Every sequence is stored
in AVI file format and available online. There are
25 9 6 9 4 = 600 video files for every combination of 25
subjects, 6 actions, and 4 scenarios. Every file contains
about four subsequences utilized as a sequence.

5
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4.2b Weizmann segmentation evaluation database
[28] The Weizmann actions dataset by Blank, Gorelick,
Shechtman, Irani, and Basri, comprises 10 actions, namely
bending, jumping jack, jumping, jump in place, running, side
jumping, skipping, walking, one-hand and two-hand waving.
The videos for nine subjects are present and the training is
performed on all the eight subjects, and the testing is carried
out for every unused subject and all its videos.

4.3 Experimental results
The sample results are depicted in figure 4 such that the
section depicts the experimental results of activity recognition obtained using the database 1 and 2, respectively.
The recognition of the activity using the keyframes is
brought about using the proposed method.

4.4 Performance metrics
The performance metrics used for the analysis of the proposed method is discussed below:
Accuracy: It is the measure of correctness of the
detection
Accuracy ¼

TN þ TP
TN þ TP þ FN þ FP

ð45Þ

where, TP is true positive, TN is true negative, FN is false
negative and FP is false positive.
Sensitivity: Sensitivity denotes the sharply identified true
positives and is given as
Sensitivity ¼

TP
TP þ FN

ð46Þ

Specificity: The exact true negatives are provided by the
specificity and is formulated as
Specificity ¼

TN
TN þ FP

ð47Þ

4.5 Competing methods
The competing methods used for the analysis are the
DDBN, DBN [29], NN LM [18], KNN [30], and FSC [26]
for proving the superiority of the proposed Fuzzy-DDBN.
4.5a Using KTH dataset: The accuracy values attained for
the competing methods using the image size 128  128 are
discussed in figure 5a. The accuracy is discussed against
the various training percentages. When the training percentage is 0.5, the rate of the accuracy attained by the
proposed Fuzzy-DDBN is 0.9391, which shows 31.85%,
11.94%, 46.43%, 12.26%, and 31.83% improvement than
the accuracy attained by the existing methods, such as

Figure 4. Sample experimental results of the human action
recognition (a) Original Image from the database 1 (Boxing),
(b) Original Image from the database 1 (Running), (c) Feature
extraction using SIFT descriptor for (a), (d) Feature extraction
using STI descriptor for (b), (e) Original Image from the database
2 (Boxing), (f) Original Image from the database 2 (Running),
(g) Feature extraction using SIFT descriptor for (e), (h) Feature
extraction using STI descriptor for (f), (i) The recognized human
activity using the database 1, (j) The recognized human activity
using the database 2.

Sådhanå (2020)45:5

Figure 5. The performance analysis using the database 1
(128 9 128) (a) Training Percentage Vs. Accuracy, (b) Training
Percentage Vs. Sensitivity, (c) Training Percentage Vs.
Specificity.
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DDBN, DBN, NN LM, KNN, and FSC, respectively. As
the training percentage increases, the rates of the accuracies
increase, but the proposed method offers a greater value of
the accuracy. At the training percentage of 0.9, the accuracy
rate of the methods, DDBN, DBN, NN LM, KNN, FSC,
and Fuzzy-DDBN are 0.7073, 0.8877, 0.65, 0.8847, 0.7073,
and 0.9678, respectively. From the analysis, it can be
shown that the proposed method possesses a greater value
of accuracy when compared with all other methods.
The sensitivity values attained for the competing methods
using the image size 128  128 are discussed in figure 5b.
The sensitivity is discussed against various training percentages that employ the data taken from the database 1. When the
training percentage is 0.5, the rate of the sensitivity attained by
the proposed Fuzzy-DDBN is 0.9328, which is 10.93%,
13.19%, 45.38%, 13.83%, and 39.78% higher than the sensitivity of the existing methods, such as DDBN, DBN, NN
LM, KNN, and FSC. As the training percentage increases, the
rate of the sensitivity increases, but the proposed method
offers a greater value of the sensitivity. At the training percentage of 0.9, the accuracy rate of the methods, DDBN,
DBN, NN LM, KNN, FSC, and Fuzzy-DDBN is 0.8969,
0.8759, 0.6, 0.8699, 0.6276, and 0.9514, respectively. Here
also, the proposed method possesses a greater value of the
sensitivity when compared with all other methods.
The specificity values obtained for all the methods
compared using the image size 128  128 are discussed in
figure 5c. The specificity is discussed against various
training percentages that employ the data taken from the
database 1. When the training percentage is 0.5, the rate of
the specificity attained is 0.9235, 0.8915, 0.7671, 0.8845,
0.8741, and 0.9550, for the methods like DDBN, DBN, NN
LM, KNN, FSC, and Fuzzy-DDBN. As the training percentage increases, the rate of the specificity increases. At
the training percentage of 0.9, the specificity rate of the
proposed Fuzzy-DDBN is 0.9742, which is 3.94%, 7.23%,
11.85%, 7.94%, and 8.92% higher than the specificity of
the comparative methods, DDBN, DBN, NN LM, KNN,
and FSC. The proposed method possesses a greater value of
the specificity when compared with all other methods.
The accuracy values attained for the competing methods
using the image size 256  256 are discussed in figure 6a.
The accuracy is discussed against various training percentages that employ the data taken from the database 1. When
the training percentage is 0.5, the rate of the accuracy attained
is 0.7063, 0.8155, 0.5163, 0.8125, 0.7063, and 0.9391 for the
methods like DDBN, DBN, NN LM, KNN, FSC, and FuzzyDDBN, respectively. As the training percentage increases,
the rates of the accuracies increase, but the proposed method
offers a greater value of the accuracy. At the training percentage of 0.9, the accuracy rate of the methods, DDBN,
DBN, NN LM, KNN, FSC, and Fuzzy-DDBN is 0.7310,
0.909, 0.6948, 0.906, 0.7310, and 0.98, respectively. The
proposed method possesses a greater value of the accuracy
when compared with all other methods.

5
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The sensitivity values attained analyzed for the six
methods considered using the image size 256  256 are
discussed in figure 6b. The sensitivity is discussed against
various training percentages that employ the data taken
from the database 1. When the training percentage is 0.5,
the rate of the sensitivity attained is 0.8003, 0.7793, 0.6,
0.7732, 0.6772, and 0.9062 for the methods like DDBN,
DBN, NN LM, KNN, FSC, and Fuzzy-DDBN, respectively. As the training percentage increases, the rate of the
sensitivity increases, but the proposed method offers a
greater value of the sensitivity. At the training percentage
of 0.9, the accuracy rate of the methods, DDBN, DBN, NN
LM, KNN, FSC, and Fuzzy-DDBN is 0.9166, 0.8956, 0.6,
0.8896, 0.9020, and 0.9143, respectively. The proposed
method possesses a greater value of the sensitivity when
compared with all other methods.
The specificity values obtained for the methods compared
using the image size 256  256 are discussed in figure 6c.
The specificity is discussed against various training percentages that employ the data taken from the database 1.
When the training percentage is 0.5, the rate of the specificity
attained is 0.9311, 0.8991, 0.8543, 0.8921, 0.9214, and
0.9510, for the methods like DDBN, DBN, NN LM, KNN,
FSC, and Fuzzy-DDBN, respectively. As the training percentage increases, the rate of the specificity increases, but the
proposed method offers a greater value of the specificity. At
the training percentage of 0.9, the accuracy rate of the
methods, DDBN, DBN, NN LM, KNN, FSC, and FuzzyDDBN is 0.9392, 0.9072, 0.8754, 0.9002, 0.9380, and 0.9756
respectively. When analyzing the performance of the proposed method with the existing methods, the proposed
method attains maximum accuracy, sensitivity, and specificity than the existing methods, which shows the effectiveness of the proposed approach in activity recognition.

Figure 6. The performance analysis using the database 1
(256 9 256) (a) Training Percentage Vs. Accuracy, (b) Training
Percentage Vs. Sensitivity, (c) Training Percentage Vs.
Specificity.

4.5b Using Weizmann segmentation evaluation database:
The accuracy values attained for the competing methods
using the image size 128  128 are discussed in figure 7a.
The accuracy is discussed against various training percentages that employ the data taken from the database 2.
When the training percentage is 0.5, the rate of the accuracy
attained by the proposed Fuzzy-DDBN is 0.9391, which is
0.58%, 10.03%, 30.78%, 10.37%, and 8.58% higher than
the accuracy of the existing methods, such as DDBN, DBN,
NN LM, KNN, and FSC. As the training percentage
increases, the rate of accuracy also increases. Finally, at the
training percentage of 0.9, the proposed method offers a
high accuracy value of 0.98, which is maximum than the
accuracy of the existing methods. Similarly, the proposed
method has the maximum sensitivity and specificity than
the existing methods.
The sensitivity values obtained for the competing
methods using the image size 128  128 are discussed in
figure 7b. The sensitivity is discussed against various
training percentages that employ the data taken from the
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Figure 7. The performance analysis using the database 2
(128 9 128) (a) Training Percentage Vs. Accuracy, (b) Training
Percentage Vs. Sensitivity, (c) Training Percentage Vs.
Specificity.
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database 2. When the training percentage is 0.5, the rate of
the sensitivity attained is 0.7763, 0.7553, 0.6, 0.7493,
0.6941, and 0.9246 for the methods like DDBN, DBN, NN
LM, KNN, FSC, and Fuzzy-DDBN, respectively. As the
training percentage increases, the rate of the sensitivity
increases, but the proposed method offers a greater value of
the sensitivity. At the training percentage of 0.9, the
accuracy rate of the methods, DDBN, DBN, NN LM, KNN,
FSC, and Fuzzy-DDBN is 0.93, 0.909, 0.6, 0.903, 0.93, and
0.98, respectively. The proposed method possesses a
greater value of the sensitivity when compared with all
other methods.
The specificity values attained for all the six methods using
the image size 128  128 are discussed in figure 7c. The
specificity is discussed against various training percentages
that employ the data taken from the database 2. When the
training percentage is 0.5, the rate of the specificity attained is
0.9305, 0.8985, 0.8197, 0.8915, 0.9238, and 0.9717 for the
methods like DDBN, DBN, NN LM, KNN, FSC, and FuzzyDDBN, respectively. As the training percentage increases,
the rate of the specificity increases, but the proposed method
offers a greater value of the specificity. At the training percentage of 0.9, the accuracy rate of the methods, DDBN,
DBN, NN LM, KNN, FSC, and Fuzzy-DDBN is 0.94, 0.908,
0.8691, 0.901, 0.94, and 0.981, respectively. The proposed
method possesses a greater value of the specificity when
compared with all other methods.
The accuracy values obtained for the methods considered
using the image size 256  256 are discussed in figure 8a.
The accuracy is discussed against various training percentages that employ the data taken from the database 2.
When the training percentage is 0.5, the rate of the accuracy
attained by the comparative methods, such as DDBN, DBN,
NN LM, KNN, FSC, and Fuzzy-DDBN is 0.7947, 0.8315,
0.65, 0.8285, 0.7947, and 0.9391, respectively. At the
training percentage of 0.9, the accuracy rate of the methods,
DDBN, DBN, NN LM, KNN, FSC, and Fuzzy-DDBN is
0.9418, 0.9021, 0.65, 0.8991, 0.9418, and 0.9501, respectively. From the figure, it can be shown that the proposed
method possesses a greater value of accuracy when compared with all other methods. The sensitivity values analyzed using the image size 256  256 from the database 2
are discussed in figure 8b. When the training percentage is
0.5, the rate of the sensitivity attained by the comparative
methods, such as DDBN, DBN, NN LM, KNN, FSC, and
Fuzzy-DDBN is 0.8003, 0.7793, 0.6, 0.7733, 0.6772, and
0.9062, respectively. At the training percentage of 0.9, the
sensitivity rate of the methods, DDBN, DBN, NN LM,
KNN, FSC, and Fuzzy-DDBN is 0.9166, 0.8956, 0.6,
0.8896, 0.9020, and 0.9143 respectively. The proposed
method possesses a greater value of the sensitivity when
compared with all other methods.
The specificity values analyzed in all the methods compared using the image size 256  256 from the database 2
are discussed in figure 8c. When the training percentage is
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Table 1. Comparative table for the activity recognition methods.
Methods
DDBN
DBN [29]
NN LM [18]
KNN [30]
FSC [26]
Proposed Fuzzy-DDBN

Accuracy

Specificity

Sensitivity

0.9601
0.909
0.69
0.906
0.9601
0.98

0.94
0.9038
0.8813
0.901
0.94
0.981

0.93
0.909
0.7626
0.903
0.93
0.98

0.5, the rate of the specificity attained by the comparative
methods, such as DDBN, DBN, NN LM, KNN, FSC, and
Fuzzy-DDBN is 0.9311, 0.8991, 0.8543, 0.8921, 0.9214,
and 0.9510, respectively. As the training percentage
increases, the rate of the specificity increases, but the proposed method offers a greater value of the specificity. At
the training percentage of 0.9, the accuracy rate of the
methods, DDBN, DBN, NN LM, KNN, FSC, and FuzzyDDBN is 0.9392, 0.9072, 0.8754, 0.9002, 0.9380, and
0.9756 respectively. The proposed method possesses a
greater value of the specificity when compared with all
other methods.

4.6 Comparative discussion
The comparative discussion is provided in table 1 that
shows the analysis regarding the performance metrics, such
as the accuracy, specificity, and the sensitivity. The accuracy of the methods DDBN, DBN [29], NN LM [18], KNN
[30], FSC [26], and the proposed Fuzzy-DBNN is 0.9601,
0.909, 0.69, 0.906, 0.9601, and 0.98, respectively. The
accuracy of the proposed method is greater than the other
methods regarding the accuracy, which is at a rate of 0.98.
Similarly, the value of the specificity is at a rate of 0.94,
0.9038, 0.8813, 0.901, 0.94, and 0.981, for the methods
DDBN, DBN [29], NN LM [18], KNN [30], FSC [26], and
the proposed Fuzzy-DBNN. Likewise, the rate of the sensitivity of the proposed method is 0.98. Thus, the proposed
method stands better when compared with the other
methods. From the analysis, it can be seen that, for both
datasets, the proposed method offers high performance than
the existing methods, which shows the effectiveness of the
proposed approach in activity recognition.

5. Conclusion
Figure 8. The performance analysis using the database 2
(256 9 256) (a) Training Percentage Vs. Accuracy, (b) Training
Percentage Vs. Sensitivity, (c) Training Percentage Vs.
Specificity.

The study concentrated on a better way of performing the
activity recognition using the proposed Fuzzy-DDBN that
combines the individual advantages of the fuzzy classifier
and the DDBN classifier to obtain an effective classification
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strategy. For the effective and exact recognition, the classifier requires the features from the keyframes and thus, the
keyframes are extracted using the Bhattacharya coefficient.
The features extracted from the keyframes using the SIFT
and the STI feature descriptors offer an improved action
recognition. The features are fed to the classifiers and the
fusion of the classifier output is brought about by the correlation coefficient that is optimally tuned using the correlation between the GM clustered output and the
individual classifier outputs. Thus, the recognition is performed properly without any misclassification, and the
proposed method is highly accurate. The experimentation is
carried out using the two standard databases that are subjected to the in-depth analysis of the proposed method. The
analysis in terms of the performance metrics proves that the
accuracy, specificity, and the sensitivity of the proposed
method are reported as 0.98, 0.981, and 0.98, respectively.
The proposed method of activity recognition is used in
several applications, like lifelogging and assistance, anticrime securities, anti-terrorists, and surveillance. Also, it
can be applicable to the groups and crowds, like activitybased crowd sourcing and social networking. In future,
more features will be extracted from the key frames and the
hybrid optimization algorithm will be developed for training the DBN. Also, the performance of the proposed
method will be analyzed using more number of datasets.
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