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Abstract
Most existing feature descriptors for video have limited representation ability. In order to
improve the recognition accuracy of method for detecting the videos that include violent
scenes and take advantage of the logical structure of video sequences, a novel feature
constructing approach based on three dimensional histograms of gradient orientation
(HOG3D), the Bag of Visual Words (BoVW) model, and feature pooling technology is
proposed. This approach, combined with kernel extreme learning machine (KELM), can be
used to detect violent scene. First, the HOG3D feature is extracted on the block level for video,
and then the K-Means clustering algorithm is implemented to generate visual words. Then, the
bag of visual words framework is used for the quantization of feature. And the feature pooling
technology is operated to generate a feature vector for an entire video segment, and feature
vectors of training data and testing data were used separately to train the model and evaluate
the performance of the proposed approach. The experimental results showed that the proposed
feature descriptor had good representation and generalization abilities. The proposed approach
is efficient for violent scene detection, and the accuracy matches the best result on Hockey
dataset, and it outperforms state-of-the-art on Movies.
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1 Introduction

The rapid growth of the Internet has led to an increase in the number of user-generated videos
(UGVs), and the need for filtering harmful content has augment significantly. It is a challeng-
ing task to detect violent scenes, and it is important in different applications, such as intelligent
surveillance, video retrieval, Internet filtering, and so on.

Many schemes have emerged in the last few years to detect the violent scene in number of
videos effectively. Nam et al. [18] tried to detect violent scenes in TV drama and movies by
detecting visual concepts, such as fire and blood. Gong et al. [8] proposed a three-stage
approach that integrated low level features and high-level affective concepts. Candidate shots
with potential violent content were detected based on the extracted visual-audio features, and
typical violence-related audio effects were detected from candidate shots. The estimations
from the previous steps were combined to make final decisions. Giannakopoulos et al. [7]
presented an approach to detect violent scene in movies using a combination of low-level
audio-visual features, such as the Mel Frequency Cepstrum Coefficient (MFCC), Zero-
Crossing Rate (ZCR), motion features, and k-Nearest neighbor classifier.

Recently, techniques used for human action recognition have received significant attentions
quickly and correctly [22], and a popular way or achieving such recognitions is to combine local or
global spatial-temporal interest points (STIPs) with bag of visual word framework [19, 23]. Nievas
et al. [19] used computer vision techniques to detect violent scenes. Histogram of Oriented Gradient
(HOG), Histogram of Optical Flow (HOF) and Motion Scale Invariant Feature Transform
(MoSIFT) [2] are combined with bag of visual word frame to construct video descriptors,
respectively. A Support Vector Machine (SVM) classifier can be trained to detect violent scene.
Experimental results onHockey andMovies datasets indicate that, themethod usingHOGas feature
gets the best accuracy(91.7%) on Hockey, MoSIFT performs well on both datasets, 90.9% on
Hockey and 84.2% onMovies. Deniz et al. [5] proposed a novel video descriptor based on extreme
acceleration patterns, and then SVM and Adaboost were used separately as classifiers for violent
scene detection. They ran 10-fold cross-validation experiments on both the Hockey and Movies
datasets. The accuracy on Movies has reached 98.9%, which outperformed the state-of-the-art
approaches. However, the accuracy on Hockey was lower than the scheme proposed in [14], and it
was 90.1%. In [14], Long et al. tried to apply the sparse coding technique to detect violent scene and
obtained encouraging experimental results onHockey. However, they did not give their result on the
Movie dataset. To data, deep learning (DL) has been demonstrated as an effectivemodel in computer
science [3, 6, 9, 16, 20], and the state-of-the-art results have been promoted extensively in many
fields, including face recognition. Ding et al. [6] constructed a Convolutional Neural Network
(CNN) that contained nine layers, including the input and output layers. The dimensions of the input
layer and the output layer were both 60 × 90 × 40. Their experimental results on Hockey indicated
that the proposed deep neural network was effective for detecting violent scene problem. In [21],
Zhang proposed a Gaussian Model of Optical Flow (GMOF) in a fast and robust framework which
is used to detect and localize violence in surveillance scenes. Then, the Support Vector Machine
(SVM) is used to as a classifier, and the results showed the effectiveness of their method. In the
algorithm for the violent scene detection [13], the authors evaluatedmany features, and, based on the
performance of each feature, they combined some features for use in their system in a violent scene
detection system. The low-level features and mid-level visual information also were evaluated. The
author in [25] developed a new deep learning network named FightNet. Three kinds of input
modalities were trained, and the first one was optical flow images, the other two were RGB images
for spatial network and the acceleration images for temporal network. This methodwas not based on
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the hand-crafted features. The author said the scheme was so good that it was better than other
methods. The method proposed in [1] combined the spatio-temporal positions and the local features
and proposed a novel algorithm. It was the extension of the improved Fisher Vectors, and the
popular window approachwas used. Thismethod can detect when the violence scene occurs. Zhang
[24] proposed a robust motion image descriptor to detect the violence scene. And the motion weber
local descriptor (MoWLD) is used to be added the temporal component. The descriptor can combine
the low-level image appear information and the local motion information. And the non-paramekric
Kernel Density Estimation (Ked) is used to eliminate the irrelevant features and the redundant
information. In [17], the authors proposed a scheme that can detect the dynamics of pedestrians. And
this method used the spatial information by the substantial derivative. It was effective in the violence
detection, and it can also be used in the panic situation.

Most local or global features used in previous research were extracted from static video frames,
and the problem of using these features for video representation was that the context information
between frames cannot be defined. HOG3D is an extension of HOG that is used as a local descriptor
for video frame sequences, and related studies have shown that it has better ability than 2DHOG to
recognize in human actions in videos [12]. In addition, the training process of most classifiers, such
as SVM, is complex and time consuming. The Extreme LearningMachine (ELM) is a single hidden
layer feedforward network, and it is used in many tasks [10, 11, 15]. The Kernel ELM extends the
kernel method to ELM, and an advantage of KELM is that there is no longer any need to specify the
number of nodes in the hidden layer. Inspired by the representation ability of HOG3D and the
performance of KELM, in this paper, we describe a video descriptor based on block level HOG3D
that trains KELM as the classifier for violent scene detection.

The main contributions of this paper include:

1) A feature descriptor is constructed based on block scale HOG3D, bag of visual word and
pooling technique;

2) The influences of different feature pooling techniques are compared through experiments
on the well-known Hockey and Movies datasets;

3) The Kernel Extreme Learning Machine is used to solve the problem of detecting violent
scene, and different types of kernel functions were studied;

4) Experiments using the proposed video descriptor and the different classifiers were
conducted to check the validation of the descriptor and KELM.

The remainder of this paper is organized as follows. Section 2 discusses the basic theory of
HOG3D and the Kernel Extreme Learning Machine. The proposed scheme, including proce-
dure for constructing the video and setting up the parameters, is presented in Section 3.
Section 4 discusses the experimental results, including the analysis of the influence of the
pooling strategies, analysis of the rationality of choosing KELM as the classifier, and com-
parisons of performances. Our conclusions are presented in Section 5.

2 Basic theories

2.1 HOG3D descriptor

HOG3D is an extension of HOG, and it was created by Dalal et al. [4] for human
detection in static images. Static images are divided into overlapped small spatial
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regions called blocks, and each block is divided further into several sub-blocks that
are called cells. A local 1D histogram of gradient directions or edge orientations over
pixels is accumulated for each cell. Contrast-normalize are implemented by accumu-
lating a measure of local histogram energy over a block to achieve less invariance in
illumination, and shadowing. In HOG3D, the concepts block and cell are extended to
3D, and gradient orientation is quantized using a regular polyhedron, which means
there are only five kinds of quantization strategies to choose from, i.e., 4-, 6-, 8-, 12-,
and 20-sided polygon. For example, let the center of gravity of a regular icosahedron
(a 20-sided polygon) be the origin of a three-dimensional Euclidean coordinate
system, the centers of the surfaces match the following points:

�1;�1;�1ð Þ; 0;� 1

φ
;�φ

� �
; � 1

φ
;�φ; 0

� �
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where φ ¼ 1þ ffiffi
5

p
2 is the golden ratio, and the vectors from the origin to centers of the

surfaces are the orientation vectors for quantization. Supposegb is a 3D gradient
vector, then the procedure for calculating HOG3D in block scale can be described
as follow [15]:

1) Let P = (p1,⋯, p20)T, where, pi is the orientation vector for quantization defined in eq. 1.
2) Calculate the projection q̂b for gb as

q̂̂b ¼
P⋅gb
gb

��� ���
2

ð2Þ

Process q̂b as formula 3 using threshold t ¼ pTi ⋅pj, where pi, pj are the neighboring quantiza-

tion vectors. When using regular icosahedrons for quantization, t ≈ 1.29107.

q̂̂
0
bi ¼

q̂̂bi−t; if q̂̂bi−t > 0
0; otherwise

�
ð3Þ

Where q̂
0
bi is the ith component of the processed vector q̂

0
b.

3) Calculate the weight parameters as follows:

qb ¼
gb

��� ���
2
⋅q̂̂

0
b

q̂̂
0�� ��

2

ð4Þ

4) Use Eq. 4 to calculate mean gradient for each cell, and get the sum of the quantized mean
gradients of the cells in a block as its histogram.

In order to enhance the statistical character, the block level HOG3D descriptor rather than
original HOG3D is used further to construct the video descriptor. The K-means clustering
algorithm is used to generate vocabulary on the extracted block level descriptors, and the
pooling technique is applied to make the final feature descriptor for the entire video clip.

8500 Multimedia Tools and Applications (2019) 78:8497–8512



2.2 Kernel extreme learning machine

The extreme learning machine (ELM) was proposed by Huang et al. [10, 12] for
single layer feedforward networks, and it can be used to solve regression and
classification problems. The input parameters for the hidden nodes can be assigned
to randomly generated values, and the parameters do not have to be refreshed during
the whole training procedure.

Let X ∈ Rd be the input vector, and then the output function of ELM is defined as:

f L Xð Þ ¼ ∑
L

i¼1
βihi Xð Þ ¼ h Xð Þβ ð5Þ

where β = [β1, β2, ..., βL]T is the output weights vector between the hidden layer of L
nodes and the output node,and h(X) = [h1(X), h2(X), ..., hL(X)]T denotes the outputs of
the hidden layer when the input vector is X. The mapping function h(X) maps the d
dimension vector X into L dimension space. For binary classification problems, the
decision function of ELM is:

f L Xð Þ ¼ sign h Xð Þβð Þ ð6Þ
The aim of ELM is to minimize the training error and to get the minimum norm of the output
weights. The mathematical model built for ELM is

min LELM ¼ 1

2
βk k2 þ C

1

2
∑
N

i¼1
ξ2i

s:t: h X ið Þβ ¼ ti−ξi; i ¼ 1; :::;N
ð7Þ

where β is the output weights vector between the hidden layer and the output node, and C is a
parameter that provides a tradeoff between the distance of the separating margin and the
training error. The corresponding dual optimization problem is:

LDELM ¼ 1

2
βk k2 þ C

1

2
∑
N

i¼1
ξ2i − ∑

N

i¼1
αi h X ið Þβ−ti þ ξið Þ ð8Þ

The Lagrange multiplier αi is corresponds to the ith training sample. The corresponding KKT
conditions are:

∂LDELM

∂β
¼ 0→β ¼ ∑

N

i¼1
αih X ið ÞT ¼ HTα ð9Þ

∂LDELM

∂ξi
¼ 0→αi ¼ Cξi; i ¼ 1; :::;N ð10Þ

∂LDELM

∂αi
¼ 0→h X ið Þβ−ti þ ξi ¼ 0; i ¼ 1; :::;N ð11Þ

where α = [α1, ...,αN]T. Substituting formulas 9 and 10 into formula 11, the equations can be
written as

I
C
þ HHT

� �
α ¼ Τ ð12Þ

Multimedia Tools and Applications (2019) 78:8497–8512 8501



where I is identify matrix, and Τ = [t1, ..., tN]T. The following equation can be obtained from
formulas 9 and 12:

β ¼ HT I
C
þ HHT

� �−1

Τ ð13Þ

Substituting formulas 13 and 5, the output function of ELM can be written as:

f L Xð Þ ¼ h Xð Þβ ¼ h Xð ÞHT I
C
þ HHT

� �−1

Τ ð14Þ

If h(X) is considered as an unknown feature mapping, and its kernel matrix is defined as:

ΩKELM ¼ h Xð Þ⋅h X
0

� �
¼ K X ;X

0
� �

ð15Þ

Then, the output function can be written equivalently as:

f L Xð Þ ¼
K X ;X 1ð Þ

⋮
K X ;XNð Þ

2
4

3
5
T

I
C
þΩKELM

� �−1

Τ ð16Þ

From the above output function, we found that the kernel ELM treats the output of the hidden
layer as some unknown feature mapping, and the kernel method can be used in this situation.
In this case, determining the proper kernel function is important and there is no need to specify
the number of nodes in the hidden layer.

3 Proposed method

Fig. 1 shows a schematic diagram of the proposed approach. It consists of two flows, i.e.,
training and testing. The dataset of the videos is divided into two parts, i.e., training videos and
testing videos. The training videos are used to train a binary classifier, and the testing videos
are used to test the performance of the trained classifier.

The basic procedure of training is as follows:

Step1: Extraction of the feature of: The feature of HOG3D are extracted on a block level for
each video clip in training video sequences;

Step2: Construction of the Cluster center: The K-means clustering algorithm is implemented
on the extracted feature vectors, and then the cluster center is obtained;

Step3: Calculation of the Word Frequency vector: The centers of the clusters cluster obtained
in the step where the centers of the clusters were constructed are used to construct the
visual vocabulary for the BoVW framework, and each video clip is represented by
several vectors by using the BoVW framework as a quantization method;

Step4: Feature pooling: In order to make the extracted features have the same dimensions,
feature pooling techniques are implemented for each video clip;

Step5: Classifier building: Due to the better performance of the extreme learning machine,
the kernel extreme learning machine is used as the binary classifier to train the
module.
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The basic procedure of testing is as follows:

Step1: Extracting the features of HOG3D on the block level for the testing video clips;
Step2: With the same method, the cluster centers are calculated by the K-means method, and

then the word frequency vectors are constructed for testing video sequences by using
the BoVW framework with the visual vocabulary obtained in training Steps 2 and 3;

Step3: Feature pooling techniques are used to generate a fixed dimension feature for the test
video clip;

Step4: The trained KELM model obtained in the training procedure is used to detect the test
violence video and to attain the accurate detection.

This method is a hybrid method, and it takes the advantages of the many techniques, such as
the HOD3D, K-means, BoVW, feature pooling and the KELM. Although each technique is
existing, the combination of these methods is the first time to be proposed to the best of our
knowledge.

In the HOG3D extraction procedure, first, a video clip is divided into some overlapped
cubes along the time dimension. Each cube is divided into blocks, and each block consists of
several cells. In this paper, each cube contains eight video frames, and the sizes of the blocks
and the cells are 8 × 8 × 8 and 2 × 2 × 2, respectively. As mentioned in section 2, there are five
kinds of strategies for gradient quantization that were inspired by the research in [12]; we use
regular icosahedrons to quantify the gradient vectors. Bag of Visual Word is an effective
method for quantifying features, and K-means clustering is used to construct the visual
vocabulary for BoVW. As was done in the literature [19], we ran experiments that
corresponded to different visual vocabularies that contained 50, 100, 200, 500 and 1000 visual
words, respectively.

Fig. 1 Scheme of the proposed approach
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After implementing BoVW in order to quantify the features, each cube used for the
extraction of HOG3D is represented by a fixed dimensional vector. The feature pooling
technique is need for each video clip which contains several cubes.

Assume that we have the matrix M ¼ Y 1ð Þ;⋯; Y kð Þ	 
T
k�d , where Y(i) denotes vectors for

pooling. Y(i) ∈ Rd, (i = 1, ..., k), Then ~Y ¼ f Mð Þ is defined as pooling operation for feature
matrix M. Y is the pooled feature and f(·) is the pooling function. Typical pooling functions
include sum pooling, average pooling and Max pooling which are defined as follows:

f sum �ð Þ : ~Y j ¼ ∑
k

i¼1
Y ið Þ

j ð17Þ

f average �ð Þ : ~Y j ¼ ∑
k

i¼1
Y ið Þ

j

� �
=k ð18Þ

f max �ð Þ : ~Y j ¼ max jY 1ð Þ
j j; :::; jY kð Þ

j j
� �

ð19Þ

where ~Y j s the jth component of Y, and Y ið Þ
j is the jth component of Y(i). In this paper, we have

provided comparison studies on the performance of different pooling techniques using differ-
ent size of visual vocabulary for BoVW and different classifiers on the Hockey and Movies
datasets.

The pooled feature for video clip must be put into a classifier for classification,
and compared to extreme learning machine, the kernel extreme learning machine
usually has better performance with less limitation in the solving procedure. Histo-
gram intersection kernel KELM is proposed as the classifier for the violent scene
detection based on comparison experiments when using different kernel function for
KELM and SVM.

4 Experimental results and discussion

4.1 Benchmark datasets

In order to evaluate the performance of the proposed method, two well-known datasets were
used, i.e., Hockey [19] and Movies [19], which are described in the following.

HockeyDataset: TheHockey dataset consists of 1000 video clips fromHockey competition, and
500 are labelled as violent and the others are labels as normal. There are 41 frames in each video clip.
The frame rate is 25 frames per second and the resolution of each frame is 360 × 288.

Movies Dataset: The Movies dataset is composed of 100 violent video segments
and 100 normal video clips. The resolution of the video clips is either 720 × 576 or
720 × 480. The total number of each video is ranging from 10 to 60, and the frame
rate is 25 frames per seconds. Figure 2 shows some sample frames from Hockey and
Movies datasets, and the ones in red rectangle are from violent videos.

In the next part, we use average precision for the two datasets to measure the
performance of the pooling strategy (part 4.2), the performance of the different kernel
extreme learning machine (part 4.3), and the comparison of the performance of KELM
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and SVM (part 4.4). We obtained a very superior result over several state-of-the art
approaches in term of average precision, which demonstrates the advantage of the
proposed (part 4.5).

4.2 Comparison of pooling strategy

As mentioned in section 3, three kinds of pooling techniques i.e., sum pooling, average
pooling, and max pooling, were studied to evaluate their performance on violent scene
detection. Figure 3 shows the results of the three kinds of pooling strategies on Hockey and
Movies using KELM and SVM with RBF, HIK and Line as kernel. The accuracy values are
the average result of 10 runs and 10-fold cross-validation.

From Fig. 3, we can conclude that the performances of the three pooling methods are
similar under most conditions. On the Hockey dataset, when using KELM as the classifier,
average pooling outperformed both sum pooling and max pooling. But on Movies, sum
pooling with HIK KELM had an accuracy up to 99.95%. When using SVM as the classifier,
the largest accuracy is obtained by using sum pooling and the line kernel on both Hockey and
Movies datasets.

Fig. 2 Sample frames from Hockey and Movies datasets (frames in red rectangles are violent video clips)
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Fig. 3 Comparison of the feature pooling strategies (* + represents the result obtained on Hockey, and *
represents the results obtains on Movies)
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The results describe above indicate that, under most conditions, sum pooling and average
pooling tend to have better performances than the max pooling method. And for the task of
violent scene detection, sum pooling was a better choice on both Hockey and Movies when
using line kernel SVM as classifier. When using HIK KELM as the classifier, the accuracy of
using sum pooling and average pooling on Hockey are almost the same, i.e., 95.02% and
95.05%, respectively.

4.3 Analysis of the performance of KELM

One important step for constructing the proposed video feature descriptor is using BoVW
for feature quantization. Fig. 4 shows the relationship between accuracy and the size of
the visual vocabulary on the Hockey dataset using the average pooling method and three
kinds of kernel functions. With the increase in the number of words in the visual
vocabulary, the accuracies were increased by using RBF or HIK as the kernel for KELM.
For line kernel ELM, the accuracy increased when the number of words was less than
200, and it decreased when number of words was larger than 200. The best accuracy
using KELM on Hockey, i.e., 95.05% was obtained when the number of words was 1000
and the kernel was HIK. Fig. 5 is the result of using Movies as the evaluation dataset,
and the figure indicates that the HIK kernel was better for Movies than the other kernels.
The best accuracy using HIK based KELM was 99.95%, and the corresponding number
of words was 100 and pooling method was sum pooling.

Figure 6 describes the best performance using different kernel ELM on Hockey and
Movies. HIK-based KELM provided the best accuracy on both datasets, and the
accuracies were 95.05% for Hockey and 99.95% for Movies. On the Hockey dataset,
the RBF kernel ELM outperformed the Line kernel ELM, but just be opposite was
true on Movies. In addition, the performances of all three kinds of KELM on both
datasets further supported the effectiveness of KELM for violent scene detection.

KELM

Word Number

ycarucc
A

RBF+AP

HIK+AP

LINE+AP

Fig. 4 Comparison of different kernel extreme learning machines on Hockey
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4.4 Comparison of the performances of KELM and SVM

To evaluate the performance of KELM further, in this section, comparison experiments using
different classifiers have been implemented. Fig. 7 and Fig. 8 are comparison results using
KELM and SVM on Hockey and Movies, respectively. In the Hockey dataset, HIK-based
KELM always had higher accuracy than SVM, and the best results were 95.05% for KELM
and 92.40% for SVM. On Movies, the performances of the two classifiers were extremely
close, and the accuracy of KELM was as high as to 99.95%. According to the average
performances of the two datasets that we have studied, we concluded that KELM was better
than SVM for detecting to violent scenes.

4.5 Comparison with state-of-the-art algorithms

In order to evaluate the performance of the proposed approach, we compared of the existing
and the proposed algorithms for violent scene detection, and the results are shown in Table 1.
From Table 1, it is apparent that that using SVM as the classifier result in the accuracy obtained
by the features in literatures [5, 19] was less than the accuracy obtained when the proposed
descriptor was used. The Deep learning method is recognized as the popular scheme right now.
And there are many different strutures and different networks, such as [6, 25]. The proposed

KELM

Word Number

ycar
ucc

A RBF+AP

HIK+SP

LINE+AP

Fig. 5 Comparison of different kernel extreme learning machines on Movies

Fig. 6 Performance of each KEML on Hockey and Movies
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descriptor is more effective than the 3DCNN [6], but the accuracy is less than the FightNet
[25]. The reason is that the FightNet uses three features, and they are RGB, optical flow and
temporal network. That is to say, the features are more than the proposed method. However,
the mthod in [6] just used the convolution network to detect the violence scene. So the
accuracy in this scheme is less than the proposed method. The Method in [1] used the local
fetures to detect the violent scene. However, the accuracy are less than the proposed method,
and the results showed that the descriptor in this method is more effecet thant these two
methods. For the Hockey dataset, the accuracy was up to 95.05% when using the proposed
descriptor and KELM, which was almost 1% higher than the state-of-the-art algorithms. When
the proposed video descriptor is combined with different classifiers, much better results were
obtained. The results we obtained by using KELM as the classifier on both datasets are better
than the state-of-the-art SVM classifier. On Movies, the accuracy of KELM matched that of
SVM. The results from the two datasets indicate that the proposed video descriptor has strong
representation ability for violent videos and the KELM is effective for violent scene detection.
The accuracy in FightNet [25] is 100%, and it is better than the proposed method, the reason is
the same as the reason on the Hockey dataset. But the accuracy of the proposed method is

Word Number

ycar
ucc

A

KELM(HIK+AP)

SVM(LINE+SP)

Fig. 7 Comparison of the performance of KEML and SVM on Hockey

Word Number
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A

KELM(HIK+SP)
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Fig. 8 Comparison of the performance of KEML and SVM on Movies
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better than the other methods, such as the method based the sliding window [1], and the FL and
FCv [17], and the result showed that the proposed descriptor is effective.

5 Conclusions

In this paper, we present a novel special video content detection algorithm based on the
extreme learning machine and the spatio-temporal descriptor based on 3D Gradients. It is the
combination of many techinques, and it has many advantages:

1) After synthesizing the good characteristics of HOG3D, BoVW model, and feature pooling
technology, a novel video descriptor approach has been proposed. The external experimental
results indicate that, the descriptor reveals has strong representation ability, and is stable.

2) Because of the good generalization performance and easy implementation of KELM, the
classifier can be constructed based on KELM, and the analysis shows that KELM is more
suitable for classifying special videos.

3) Comparisons of the performance of the new, innovative technique with the performances
of existing schemes further demonstrated the effectiveness of the proposed scheme. In the
future, we will try to develop a novel deep learning method based on multi-layer ELM to
further improve the detection performance for the violence videos.
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Table 1 Comparison of the performance with other algorithms (%)

Hockey Movies

HOG + SVM [19] 91.7 49
HOF + SVM [19] 88.6 59
MoSIFT + SVM [5] 91.2 84.2
Extreme acceleration + SVM [5] 90.1 98.9
MoSIFT + KDE + Sparse Coding [14] 94.3 –
3D-CNN [6] 91 –
FightNet [25] 97 100
FastIFV-based Sliding Window [1] 93.7 99.5
MoWLD+BoW [24] 91.9 –
MoWLD+Sparce Coding [24] 93.7 –
MoWLD+KDE + Sparce Coding [24] 94.9 –
Local force- FL [17] – 93.4±1.24
Convective force - FCv [17] – 92.16±1.13
FL|FCv [17] – 96.89±0.21
Proposed descriptor + ELM 94.08 99.43
Proposed descriptor + SVM 92.40 99.98
Proposed descriptor + KELM 95.05 99.95
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