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a b s t r a c t
Multimedia event classification has been one of the major endeavors in video event analysis. For event
identification, feature extraction plays a critical role, merely distinguishing the right features becomes
a challenging job. So, in this paper, feature extraction and selection for video event detection are proposed. For video event detection or classification, identification of object structure and its motion are a
basic needs. So, for object detection, curvelet features are considered, due to its high directional selectivity and high anisotropic properties. Next, an algorithm for Shot Boundary Detection (SBD) called Motion
based SBD (MSBD) is proposed to identify the shot boundaries. Also, to make the users to access the queried event in less time, an algorithm for representing few representative frames containing whole video
content is proposed. To make an event search efficient, object-based features from dominant features
are extracted and to enhance the features much more efficient and dominant, feature selection is performed using the ranking method. Lastly, an SVM classifier with RBF kernel is used for event classification. The proposed work is experimented using Columbia Consumer Video (CCV) dataset and
evaluated using mean Average Precision (mAP) and find that, it outperforms various other existing
methods.
Ó 2018 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Multimedia data have become more popular and widely
accessed, especially through the internet. Most of the internet
users spend their time in social nets such as YouTube, Facebook,
Twitter and so on to view, upload or download multimedia contents by using mobile devices, camera, etc. Due to its usage, digital
video technology has advanced drastically for capturing visual
information. As this visual information describes the content of
the video, they are used for various security purposes in almost
all the spots like schools, colleges, market, etc., and this content
is useful for tracking some events happened in it. So, indexing
and retrieving these events can be made simpler by analyzing
the video content.
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The video content may contain some event in a form of simple
or complex actions, different activities, varying scenes taken in an
unconstrained environment with jerky movements for example
Fishing, Dog_show etc. The chance of understanding or distinguishing the video content or video event automatically becomes
a challenging task. Due to the large content of the video, manual
detection of the interesting event becomes hectic and also it is a
time-consuming task. So, for easy and efficient retrieval of video,
there is a need for an automatic indexing and retrieving technique.
Indexing and retrieval can be done or proceeded by Multimedia
Event Detection (MED). In order to detect multimedia events in
web videos, many researchers have shown their interest in developing an automatic event detection technique. Due to the great
emphasis given for MED task, National Institute of Technology
(NIST) organizes a workshop on MED task by providing Benchmark
evaluation (TRECVID) community to contribute the research in
MED task. The goal of MED is to determine various user-defined
event from video content. Instead of processing the whole content
of the video, a summary of the video can be considered in order to
save users’ time.
In the proposed work, event detection in video undergoes various stages such as (i) Shot Boundary Detection: Shot boundary
detection or Video Segmentation aims at breaking up the videos
into several small meaningful segments. Shot boundaries are
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detected based on the background/foreground and/or a specific
object or its color, etc. Video shot contains continuous frames
taken by a single camera (Cotsaces et al., 2006) during continuous
action and time. (ii) Keyframe Extraction: Keyframe extraction is a
process of extracting video frames, which covers the whole content
of the video by a few highlighted frames. In our present study, keyframes are extracted from obtained shots. (iii) Feature Extraction:
The two ways of feature extraction are based on low-level features
and high-level features. Low-level features include Scale Invariant
Feature Transform (SIFT), Spatio-Temporal Interest Point (STIP),
Edge, etc., (Tamrakar et al., 2012; Lan et al., 2013). The high-level
features includes Automatic Speech Recognition (ASR) (Miao
et al., 2014) and Optical Character Recognition (OCR) (Yu et al.,
2014). (iv) Feature Selection: Feature selection or attribute elimination method is categorized into three types (Sharifi et al.,
2002), namely Filter, Wrapper and Embedded methods. (v) Event
classification: It is a task of retrieving particular or specific event
in the large scale of internet videos.
In this paper, a new multimedia event detection method is proposed for which features are extracted from curvelet transformed
video by applying 2D FFT via wrapping. The curvelet transform is
chosen for the work because it is suitable and has been developed
specially to represent objects with ‘‘curve-punctuated smoothness”, namely the objects which display smoothness except for discontinuity along a general curve. Also, it needs a less number of the
coefficient for handling discontinuities in curves than wavelet
transform. It actually overcomes the missing directional selectivity
of wavelet transforms in images. To evade the problem of huge
computation for more curvelet co-efficient, frame skipping concept
is used. It skips some frames (multiples of five) in pre-processing
stage. By making use of curvelet features extracted from the video,
shot boundaries are identified. From the obtained shots, keyframes
are extracted which avoids the redundant information and provides whole visual content of a shot in few representative frames.
From the extracted keyframes, feature extraction is done for event
detection. It is performed by applying various low-level features
and out of it necessary features are selected using an existing feature selection method i.e. ranking method. For the extracted and
selected features SVM classifier with RBF kernel is applied to discriminate events in videos. The contribution of the proposed work
lies in fine-tuning the edges for motion identification and in feature extraction part, where each handcrafted feature are slightly
tuned for extracting a dominant feature from the curvelet feature
for event classification. The block diagram of the proposed work
is shown in Fig. 1.

The rest of the paper is organized as follows, Section II reviews
related work, the proposed work is explained in Section III, Section IV shows the experimental results and comparison of proposed work with other techniques, and Section V presents
conclusions and future work.
2. Related works
In this section, some works related to (i) Shot Boundary Detection, (ii) Keyframe Extraction (iii) Feature Extraction (iv) Feature
Selection (v) Event classification are reviewed.
2.1. Shot Boundary detection and keyframe extraction
Some works related to shot boundary detection are as follows:
To determine video shots various shot boundary detection methods/techniques were identified. Current SBD techniques are classified into two main categories: (i) Static analysis (ii) Both Static and
Dynamic analysis. The former is based on static or spatial features
which include a color histogram (Lu and Shi, 2013), Mutual information and entropy (Cernekova et al., 2006) and many others. The
advantage of this category is that it delivers detection accuracy
with fast processing speed. The later dynamic technique depends
on both spatial and temporal features (Mohanta et al., 2012). It is
robust to scene and camera movements, but requires heavy computation in an optical flow. A model based SBD approach proposed
using frame transition parameter (Lankinen and Kämäräinen,
2013) proposed a model based SBD approach using frame transition parameter. Another SBD scheme using single value decomposition (Lai and Yi, 2012) is depicted. These schemes decrease
computational time yet the drawback in all these schemes is that
they do not preserve the object motion transitions, especially in
gradual transition. Hence, to prevent object motion transition
Motion Based Shot Boundary Detection (MSBD) is proposed in
the present study.
Some works related to keyframe extraction are as follows: To
compromise between low and high-level feature based schemes,
some researchers concentrate on visual attention based keyframe
extraction (Ma et al., 2005; Ejaz et al., 2013). The major limitation
of the visual attention scheme is that it is cost expensive and yields
increased redundant frames. To overcome these drawbacks, Besiris
et al. (2008) used k-means clustering based on color histograms.
Based on a combination of static and dynamic attention models,
frames having the highest visual attention value are considered
as a keyframe. The major drawback of this scheme is that it does

Fig. 1. Block diagram of the Proposed Work.
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not preserve the sequential order of keyframes. In order to preserve the sequential order, another approach called graphTheoretic FCM algorithm for video summarization is proposed
(Mundur et al., 2006). However, the creation of the graph is directly
related to a number of centers. Hence, it requires huge computational time for identifying centers, also meaningless in case of
order preservation. Therefore, Furini et al. (2007) proposed a
Delaunay triangulation to identify frame clusters automatically.
However, it is really expensive and produces too compressed summaries. In the present work, the keyframe frame extraction method
is proposed which overcomes the above-mentioned drawbacks.
From the obtained keyframes, features are extracted for event
classification.
2.2. Feature extraction and selection
Many researchers focuses on feature extraction according to the
applications they use. Some of the work based on event detection
is reviewed as follows. The high-level features provide good results
in some applications, yet it is not applicable to all domains due to
its complexity in nature. Low-level features (Serrano et al., 2004)
capture texture and local appearance of the video. To characterize
local motion and appearance of an image, the descriptor of STIP
computes the Histogram of Oriented Gradient (HOG), in spacetime neighborhoods of detecting interest points (Laptev et al.,
2008). Recently, CNN features have shown great advancement in
video classification (Karpathy et al., 2014), especially in extracting
spatiotemporal features. These obtained features can be used for
various applications like SBD, Event Detection, Surveillance Video
Event Detection etc. In the proposed work several low level features are extracted. All extracted features will not provide better
performance and accurate detection. Hence, feature selection is
performed to select features.
Feature selection or attribute elimination method is categorized
into three types (Sharifi et al., 2002), namely Filter, Wrapper and
Embedded methods. Filter method is based on a ranking process,
where highly ranked features are applied to a predictor. Whereas,
in the wrapper method, an algorithm is proposed to find the subset, which gives the highest predictor results. In Embedded methods, during training process variable selection is performed
without splitting the data into training and testing sets. In the proposed work, filter method is used for feature selection process. Several single and the combination of the low-level feature are
analyzed and experimented for better performance of event classification task.
2.3. Event classification
Event detection is one way of obtaining the result from event
classification. An event is represented by specifying some concepts
like an object, action, etc. Concepts are categorized into single and
multiple concepts.e.g. ‘‘Fishing”. It contains multiple concepts such
as object (e.g.: man, net), action (hand action, campaigns), scene
(river, sea, in the home) etc. For event detection, MFCC and CNN
features are extracted and the random forest quantization method
is adopted to represent these features in a fixed dimension. Later,
fast Hi SVM is considered for classification purpose (Jiang et al.,
2015). Following a framework for specific video identification is
modeled using spatial and temporal information about the video
(Zhao et al., 2016). From the spatial information about videos,
semantic features are extracted by training the CNN model and
SVM classifier is used for classifying the events. For temporal representation of videos, multilayer LSTM networks are learned and
softmax classifier is used and finally, score-based late fusion is
adapted to compute the final result. To describe the sequential
frames of a video, a Fisher Kernel-based representation is proposed
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by Nagel and Mensink, 2015. It is done by applying students’ – t
mixture model for static frames. Next, Hidden Markov Models to
explicitly capture the temporal ordering of the observations in a
stream. Then fisher information matrix is derived to increase
recognition. A frame-based features computed by CNN is used by
Jiang et al. (2018), where trajectory-based motion descriptors
and audio descriptors are extracted and these are fed as input for
transformation layer in rDNN (regularized Deep Neural Network).
This result is fed into the Fusion layer of rDNN for regularization.
An approach proposed by Song et al. (2017) where preliminary
concept pool is generated by adopting Term Frequency-Inverse
Document Frequency (TF-IDF) algorithm for the purpose of
extracting the keywords from those textural descriptions of Web
images and videos. Then, concepts and its associated images/
videos are hierarchically clustered based on text and visual similarity and SVM classifier is used for classification. Some of the works
are performed on event detection, not only depends on the dataset
but also based on web resources (Mazloom and Li, 2016). In order
to improve the performance of MED, the above mentioned research
works had adopted various classifiers for training and testing the
dataset. Therefore, to improve the performance of MED the present
study also have chosen a SVM classifier with RBF kernel.
3. The proposed method
Processing the curvelet coefficients for all frames leads to heavy
computations. Thus, in preprocessing stage, the frame skipping
concept is utilized to reduce the number of frames by which it
reduces the computations. Next, Videos are segmented into shots
via Motion based Shot Boundary Detection (MSBD) using the curvelet features. Over the segmented shots, keyframes are extracted
which acts as representative frames for the whole video content.
To identify the events, several features are extracted from the keyframes from which single feature or combination of features are
selected for event classification using RBF-SVM classifier.
3.1. Shot Boundary detection
Shot Boundary Detection is the initial step for automatic event
detection. The camera and object movements in a shot are the base
to identify events in videos. Video Transformation benefits to track
the object behavior at different angle with different scale and
movement in accurate directions. Nevertheless, to obtain a nonadaptive sparse representation of objects with edges, curvelet
transform can be applied over the video. As Curvelet co-efficient
represents object motion in different magnitude and orientations,
it is highly suited for multimedia applications. Due to the advantage of high directional selectivity and high anisotropic properties
for an object and its motion identification, curvelet transform provides better representation than wavelets (Candès et al., 2006).
Curvelet transform is the higher dimensional generalization of
the wavelet transform. It can be derived using the 2 Dimensional
Fast Fourier Transform (2D FFT) via wrapping over the parabolic
wedges and finally Inverse Fast Fourier Transform (IFFT) is applied
on each wedge to obtain curvelet coefficient at each scale and
angle. As a result, the concentric circles and angular divisions are
obtained as curvelet coefficients. The concentric circle corresponds
to the decomposition of 2D FFT images into multiple scales and the
angular divisions correspond to different angles. In the proposed
work, a frame is decomposed into 3 scales and 8 angles. Finally,
as a result, one approximate and eight detailed coefficients were
produced. Our work is proceeded by considering the approximate
coefficient.
Curvelet transform is executed over the video using the following steps (Demanet and Ying, 2007). (i) Apply the 2D FFT over the
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frames and obtain Fourier samples ^f ½n1; n2  n=2 6 n1; n2 < n=2

(ii) For each scale j and angle l, form the product U ½n1; n2^f ½n1; n2
j;l

(iii)

Wrap

this product around the origin and obtain
 
^
f ½n1; n2 ¼ W U j;l ^f ½n1; n2. (iv) Apply the inverse 2D FFT to each

j;l

^f hence collect the discrete coefficients.
j;l
As a result, curvelet transformed features are extracted from
videos, which are used to represent the motion of the objects for
Shot Boundary Detection Algorithm.

ber is used for differencing otherwise neglected. The framework of
proposed MSBD is shown in Fig. 2.
PROCEDURE I
Step 1: Curvelet transformed video frames (CT) is given as input
n
o
 
CT ¼ f ct1; f ct2::::::::::::::;: f ctp where f ctk ¼ aij mm ; aij 2 Z þ and
jCT j ¼ p:
th

Where f ctk represents k



Compute M


3.1.1. Motion based shot Boundary detection (MSBD)
In order to get confined objects and its motion, the obtained
curvelet images are categorized into an object (represented as
‘10 ) and non-object pixels (represented as ‘00 ). In pixeled part,
objects can be visualized, whereas in non-pixeled, the object cannot be visualized. The object is made visualized for identifying its
motion to obtain video shots. For this, certain constraints are followed, which is shown in PROCEDURE I.
To distinguish the motion of the visualized pixel objects, the
number of pixels containing objects and its consecutive differences
is computed. If the obtained difference is larger than or equal to
half of the pixel count of the frame, the corresponding frame number is considered for further process, otherwise, those frames are
ignored. By having the frame numbers, consecutive frame number
difference is computed. If the frame number difference is less than
‘u’ (Maini and Aggarwal, 2009), the corresponding first frame num-

frame of a curvelet transformed
th

frames. aij represents value of i
Step 2: For every frame

th

row and j

column in a matrix.

lðlðf ctk ÞÞ 8k ¼ 1; 2; ::::::p:
th

th

where M and f ctk represents mean of k frame and k frame of
CT respectively.
Step 3: Check if

aij



aij 6 M

by 1 otherwise aij

then

replace

by 0

aij 2 f0; 1g 8k ¼ 1; 2; ::::::p:& f0; 1g {non-pixeled, pixeled}.
The pixeled and non pixeled terms are used for visualizing the
frame content (object). By visualizing, the pixeled content are in
white and non-pixeled content are black in colour.
Step 4: To count the number of pixels specifying object,
P Pm
Compute Dk ¼ m
i¼1
j¼1 aij ; where aij 2 f ctk 8 k ¼ 1; 2; ::::::p:
Step 5: Calculate the differences of object’s pixel count in consecutive frame.
Compute Dk ¼ Dk  Dkþ1 8k ¼ 1; 2; ::::::p  1:
Step 6: if Dk P Dk =2 then
Ck
k 8k ¼ 1; 2; ::::::p  1: Where jC k j > 1

Fig. 2. Motion based shot boundary detection.
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Step 7: Compute Hk ¼ C k  C kþ1 8. k ¼ 1; 2; ::::::p  1:
The resultant frames are considered as index frames and also
non-informative frames from this are neglected (Step 7).
Step 8: if Hk < 10 then
k, after several analysis, it was found out that the content
Jk
within 10 frames were almost similar, so the researcher had
decided to choose 10 frames.
Step 9: Outputs the list of obtained shots from the video.
As a result, due to the orthogonal and orthonormal property of
the curvelet features, the acute motion of an object is determined
in contiguous frames. As it receives the multi-resolution property,
it evade noise, blurs of the object in video frames, especially in
jerky and unconditional environments of camera movements. This
helps to identify the video shots and from these obtained shots,
keyframe extraction is performed to identify the events.

f 2k ¼ lðsf m  sf n Þ

3.2. Keyframe extraction

To recognize an object from different keyframes for event detection task various low-level static features are applied to examine its
performance. These low-level features are categorized according to
its principles such as (i) Transform based Features (DCT, DWT), (ii)
Histogram based Features (Edge Oriented Histogram, Histogram of
Oriented Gradients), (iii) Filter based Features (Daubechies,
Wiener), and (iv) Moment based Features (Zernike, invariant).

Keyframes are the representative frames of the shot which
describe the whole content of the video in a few frames. In order
to find the event happening in the shot, it is necessary to identify
the object and its activities from the shot. Likewise, to avoid redundant keyframes, similarity among keyframes are identified and
neglected. Therefore, in order to avoid similarity among keyframes,
Block Matching Algorithm is performed (BMA), which divides the
frame into M*N pixels and compares each block of one frame with
another frame. Here, ‘u’ frames are considered from a shot and followed the steps as shown in PROCEDURE II. According to the result,
the corresponding keyframes are extracted as given in Step 5. The
framework of keyframe extraction is shown in Fig. 3.
PROCEDURE II


Step 1: Let SF ¼ sf k ; sf kþ1 ; sf m ; sf n1 ; sf n where SF represents
the frames in a shot
Let sf k = first frame; sf n = last frame, where n is the Total no of
frames; sf m is the middle frame; sf kþ1 is center of the first and middle
frame; sf n1 is center frame between middle and last frames from a
shot.
Step 2: Divide all the frames in SF into 16  16 non-overlapping
blocks
Step 3: Subtract frames blocks and calculate the mean (i.e)

f 1k ¼ lðsf k  sf m Þ


f 3k ¼ l sf kþ1  sf n1
Step 4: Find - ¼ Maxðf k Þ
If maxðf k Þ is f 1k , the keyframes considered are sf k and sf m , else if
it is f 2k then the considered keyframes are sf m and sf n else the keyframes considered are sf kþ1 and sf n1 .

8
>
< sf k
sf m
Keyframes ¼
>
:
sf kþ1

&

sf m

&

Sf n

& sf n1

if

f 1k

if

f 2k

2 2

Otherwise

Step 5: Therefore z keyframes are obtained from each shot.
3.3. Feature extraction and selection

 As the identification of events is based on the motion of the
object, it is necessary to identify the object’s edge. Hence an
edge-based histogram is selected, which is analyzed with various edge detection algorithm like Prewitt, Sobel, canny etc.
Next, focused on gradient information to obtain objects behavior, Histogram of Oriented Gradients (HOG) is chosen. It determine the invariances of object to geometric and photometric
variations, which retains exact spatial information about object.
HO is applied for 3 * 3 overlapping blocks of cells. In order to
increase contrast for the unique visibility of an object within
the overlapping blocks of cells, the method called L2- norm is
applied. Lastly, three HOG feature vector is extracted such as
features like Scale-space extrema, Orientation assignment, and
Descriptor extraction.
 To compute object invariance to scale, rotation, translation etc,
the feature vector of the Zernike moment are calculated.
Equally, it has orthogonal property which avoids redundant
information, resulted dimension reduction when compared to
other moments. The 2-D Zernike Moment is shown below
Let f ðq; hÞ is the continuous image.

Z pq ¼

nþ1 X X

p

ðq;hÞ

f ðq; hÞRpq ðq; hÞ

ð1Þ

where Rpq ðq; h) is the Zernike basis function of order p and representation q. Zernike moment is calculated as the response of
f ðq; hÞ to a set of quadrature-pair filters Rpq ðq; h). To determine
the shape of the object and its location in dynamic frames in
event classification, an invariant moment is applied where it is
invariant to rotation, scale, and translation.
 The Daubechies wavelet feature is preferred for its properties
such as orthogonality and asymmetry. Due to the number of
coefficients present, the information loss in the dynamic video
frame is ignored. The Daubechies d4 wavelet function is given
as follows.

k½i ¼ r 0 s½2i þ r 1 s½2i þ 1 þ r 2 s½2i þ 2 þ r 3 s½2i þ 3 Where

Fig. 3. Framework of Keyframe Extraction.

ð2Þ

pﬃﬃﬃ
pﬃﬃﬃ
pﬃﬃﬃ
pﬃﬃﬃ
1 3
3 3
3þ 3
1þ 3
r0 ¼ pﬃﬃﬃ ; r 1 ¼  pﬃﬃﬃ ; r 2 ¼ pﬃﬃﬃ ; r 3 ¼  pﬃﬃﬃ
4 2
4 2
4 2
4 2
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 A Filter is used to remove noise and image restoration, which
offers better detection accuracy. Wiener filter is the method of
deconvolution. Wiener filter with the least mean square
method is applied, which makes the object to centralize within
the boundary for the purpose of capturing distinct features. Features of Wiener filter are obtained using

Wðx; yÞ ¼ F ðx; yÞ  Bðx; yÞ

ð3Þ

where F ðx; yÞ is the Fourier transform of the image. Bðx; yÞ is the
Blurring function.

4.1. Dataset
The Columbia Consumer Video (CCV) dataset is used to evaluate
the performance of the proposed work. It contains 9317 videos
with 20 event categories of 210 h of content with an average content of 80secs per video. The events present in it are Basketball,
Baseball, Soccer, Ice Skating, Skiing, Swimming, Biking, Cat, Dog,
Bird, Graduation, Birthday, Wedding Reception, Wedding Ceremony, Wedding Dance, Music Performance, Non-Music Performance, Parade, Beach, and Playground.
4.2. Evaluation metrics

 Image transforms are applied such as DCT and DWT due to its
various advantages in an image. The general 2D-Discrete Cosine
Transform (DCT) and 2D Discrete Wavelet Transform (DWT) is
shown below

1

1

F ðx; yÞ ¼ ð2=NÞ2 ð2=M Þ2

N1 M
1
X
X
i¼0

KðiÞ  KðjÞ

j¼0

h p:x
i hp  y
i
 cos
ð2i þ 1Þ cos
ð2j þ 1Þ  f ði; jÞ
2:N
2M

ð4Þ

Discrete Wavelet Transform (DWT),

U ðj;kÞ ¼

X



f ðt Þ  Dðj;kÞ ðtÞ where Dðj;kÞ ðtÞ ¼ 2j=2 D 2 j t  k

ð5Þ

t

Inclusion of more number of features may not contribute to better performance and they may even distract the process. In order to
reduce the feature space dimension the better feature which yields
the best detection accuracy need to be identified. So, combining
multiple features for event detection is considered and feature
selection from those combination is performed using the ranking
method. The ranks are assigned to single or combination of features by using mAP value obtained by SVM classifier with RBF kernel. The combination of features and its detection accuracy are
discussed in section 4. Resultant features are considered for event
classification.

To check the performance of the proposed work, the experiments are evaluated using two measures. First, the Ranking measure is applied to obtain salient features for event detection.
Second, mean Average Precision (mAP), used to compare the proposed work with other existing works. Among evaluation measures,
mAP has been shown to have especially good discrimination and
stability. Also, it is used as an official performance metric in TRECVID evaluation since 2001 (Wang et al., 2008)
4.2.1. Ranking measure
Feature Selection is performed using the ranking measure.
Among the number of features in each category, a single feature
is selected by using it. It ranks feature according to mAP value of
each feature. The higher the mAP value, the higher the rank and
vice-versa. In combined features, a better combination of features
is selected by ranking measure.

Let Query1; Query2 ::::::Queryn be a set of Query Events. For a
Queryi , let Query0i be a correct answer. The ranking measure is calculated by summing up the rank of correct answers from the overall Queries by using the formula,
n
X

An SVM classifier with RBF kernel is used for classifying event in
the video. The main advantages of using SVM classifier is, within a
max-margin framework the decision boundaries are learned,
which significantly improves generalization power during the
training process. It contains a regularization parameter which
avoids over-fitting, set by the user during the training process.
Also, SVM uses an approximation to bound on the test error rate.
The two parameters used for SVM RBF Kernel include ‘‘gamma”
and ‘‘C”. The parameter ‘‘gamma” defines the influence of an every
single training example. The ‘‘low” value of gamma indicates that
the training instance is much restrained and cannot capture the
complexity (‘‘shape” and/or ‘‘structure”) of data, whereas the
higher value indicates ‘‘vice-versa” of the low value. The parameter
‘‘C” denotes the misclassification rate of training examples against
the decision surface. The ‘‘low” value of C indicates the smoothness
of the decision surface and the ‘‘high” value indicates the rate of
correctly classified training examples.

4. Experimental results and discussions
The experiments are evaluated based on two objectives – (i) To
determine the best features for event detection task based on the
evaluation measure (ii) To evaluate the efficiency of the proposed
work with other existing works.

ð6Þ

i¼1

The norm of the consequent ranking is calculated as follows,

Pn
3.4. Event classification


rank Query0i



i¼1 rank

Query0i

n

ð7Þ

4.2.2. Mean Average Precision (mAP)
Initially, the precision score is calculated for each retrieved relevant sample. Calculation of mean for the obtained precision score
is called Average Precision. Again, mean computation for the
retrieved final score is stated to be Mean Average Precision (mAP).

"
#
Nm
N
1 X
1 X
n
Mean Average Precision ðmAPÞ ¼
N m¼1 Nm n¼1 CMðm; nÞ

ð8Þ

Where N = Total number of test videos
N m = Number of relevant videos for N ðiÞ.
CM is the confusion matrix of mth row and nth column.
4.3. Experimental setup and discussion
The implementation platform for the whole work was MATLAB.
In our experiments, the video files are randomly divided into training and test data as 70% and 30% respectively. A 10-fold crossvalidation is performed. The experiment is executed using the processor: Intel(R) CoreTM i5-5200U CPU @ 2.20 GHz 2.20 GHz.
The proposed work is carried over the actual video frames and
the frame which has been transformed using curvelet transformation. As per the characteristics of the curvelet transform (i.e,
decomposition of an image into multiple scales and in different
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Fig. 4. Comparison (mAP) of Curvelet Transformed video and Original Video.

angles), it is observed that the motion of the objects in various
directions can be identified efficiently. Hence, it proves the better
result compared to that of actual video frames. Comparison of Curvelet transformed video and actual video in terms of the mAP is
shown in Fig. 4. Thus the dominant features can be obtained from
the curvelet transformed frames and are used for MSBD.
The MSBD as discussed in PROCEDURE I makes shot segmented
video. As MSBD focused on capturing object, and its characteristics,
keyframes present in MSBD shots are more salient than without
MSBD. The result are given in Table 1.
In this paper, keyframe extraction as given in PROCEDURE II
aims to extract a few representative frames from each shot. As a
consequence, two keyframes are obtained from each shot. Then
event detection is performed based on these keyframes by extracting more specific and distinguishing features of those dominant
features obtained from curvelet transformed and MSBD applied
keyframes. Examples keyframes of some events from original video
(easy understanding of user) is shown in Fig. 5.
As discussed in section II, several features are considered and
depending onthe feature performance, a single dominant feature
is appropriated from each category. Accordingly, four features are
selected from four categories (i.e) each feature from each category.
The resultant features are combined based on mean Average Precision (mAP). A combination which yields high mAP value is considered as the final set of features. To start with the experimental
discussion, individual features are considered and their performance with respect to event detection is visualized by using the
SVM RBF kernel based classifier. A comparison of features in terms
of the mAP analogous to its category is shown in Fig. 6.
Looking at the individual feature performance of transform
based features such as DCT and DWT, DCT performs better in finding continuity in object shape information, DWT identifies an
object’s shape even in binary image, which lacks in DCT. Hence,
DWT is considered for event detection. Next, in Histogram based
Features (HOG, EOH), HOG does the binning after the gradient
computation, whereas EOH directly calculates the gradient in bins
and smoothens already smoothened curvelet transformed video,
also the result is poor in low contrast frames. Therefore EOH does
not provide a fine result.
By comparing the Filter based Features, such as (i) Daubechies
Filter (ii) Wiener Filter. Daubechies filter belongs to wavelet family,
though it has more vanishing moments, more co-efficient in both

Fig. 5. Example keyframes from specific events.

Fig. 6. Comparison (mAP) of features based on its category.

low pass and high pass side, it is computationally ahead. But produces a very respectable solution in event detection. Whereas,
Wiener filter is extremely efficient in controlling output errors,
but it results in a too blurred image which leads to misidentification of motion and behavior of the object. Consequently, Daubechies filter is considered for event detection. Finally, by
considering Moment based Features, The Zernike moment is scale
and rotation invariant, yield better and detailed Shape of the
object, further avoids redundant information which convince lossless information. The invariant moment is similar to Zernike
moment except that it is a time consuming one. Though the characteristics of the invariant moment are maximally manifested at
Zernike moment, Zernike moment is considered for event
detection.

Table 1
MSBD accuracy in terms of mAP.
Approachs

DWT + Zernike

DWT + HOG

DWT + Daubechies

DWT + Zernike + HOG

DWT + Daubechies + Zernike

Without MSBD
With MSBD

0.501
0.693

0.494
0.688

0.592
0.702

0.543
0.712

0.586
0.718
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Table 2
Combination of features for Event detection.
Events

DWT + Zernike

DWT + HOG

DWT + Daubechies

DWT + Zernike + HOG

DWT + Daubechies + Zernike

Baseball
Basketball
Beach
Biking
Bird
Birthday
Cat
Dog
Graduation
Ice skating
Music Performance
Non Music Performance
Parade
Playground
Skiing
Soccer
Swimming
Wedding Ceremony
Wedding Dance
Wedding Reception
MAP (%)

69.81
81.12
80.81
70.01
87.21
41.61
77.31
70.20
63.30
54.2
61.84
58.52
90.16
54.2
73.83
85.13
60.15
70.59
78.80
59.16
0.693

67.02
70.10
85.01
59.5
82.00
58.09
73.00
81.69
49.20
75.80
69.54
50.21
70.40
60.6
70.12
87.16
61.00
73.85
69.06
62.63
0.688

72.09
80.96
70.10
79.06
65.43
70.02
69.12
86.80
79.02
72.96
49.09
80.1
69.98
53.09
61.02
69.83
71.21
80.10
45.60
78.95
0.702

77.63
82
63.81
76.05
89.63
46.59
60.00
79.80
50.63
71.8
66.6
63.1
81.6
49.2
75.23
79.82
59.33
88
72.96
80.01
0.712

70.16
82.06
81.60
80.14
65.03
73.05
46.02
70.10
88.21
70.03
53.96
80.83
68.16
60.63
65.81
72.89
77.86
88.01
60.13
83.01
0.718

Table 3
Comparison of proposed work with other
existing works.
Authors

mAP

Jiang et al., 2015
Nagel and Mensink, 2015
Zhao et al., 2016
Mazloom and Li, 2016
Song et al., 2017
Jiang et al., 2018
Zhang et al., 2016
Proposed Work

0.707
0.717
0.691
0.525
0.634
0.73
0.708
0.718

As a conclusion of this experimental result, few specific features
from dominating features are selected from three categories. They
are (i) DWT from C1 (ii) Zernike from C4 (iii) Daubechies from C3.
The category C2 obtains low rank from overall features, thus C2 is
neglected for further event detection process. Thus, the mAP combinations of three categories are depicted in Table 2. These are
experimented using the Ranking measure as indicated in Eq. (6).
From Table 2, it is analyzed that some events give better mAP
than other events. It is so, because the CCV dataset contains more
or less information redundant events (i.e.) the events like basketball, biking, birthday, graduation, ice skating, non-music performance, playground, swimming and so on are less redundant in
nature, whereas remaining few events are taken in jerky, unconditional environments etc., contains more redundancy in information. Also, in an alternative way, the less information redundant
events are highly object dependent and vice-versa for more information redundant events. Example, the event basketball is dependent on objects like ball, basket, and players. Besides, the biking
event consists of objects like two-wheeler and a person. The event
swimming has an object like people with hands and legs straightened and water. The more information redundant events like a
wedding reception, wedding ceremony, parade, etc. information
present in it are redundant. The accuracy of the proposed work
under 10-fold cross validation is 77.7%. Comparison of the proposed work with various existing work is shown in Table 3.
5. Conclusion
In this paper, in addition to curvelet transform and MSBD features, various low level hand crafted features combination for mul-

timedia event detection task were discussed. By employing
curvelet features, Shot boundaries were detected and then keyframes were extracted. Further, hand crafted features were
extracted from extracted keyframes. The mean Average Precision
and Ranking measure were used as an evaluation metric to evaluate the performance of the proposed work. Comprehensive experiment on CCV dataset demonstrated the notable performance of
the proposed approach. mAP was calculated for combined features
for extraction. Limitation of the present analysis lies in the fact that
Convolutional Neural Network (CNN) based Approach yields better
result than current work. Thus, in the future, we further proceed
the event classification by considering CNN features.
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