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Abstract
Human activity recognition is an important area of computer 
vision research.Its applications include surveillance systems, 
patient monitoring systems , and a variety of systems that involve 
interactions between persons and electronic devices such as human-
computer interfaces. The goal of human activity recognition is to 
automatically analyze ongoing activities from an unknown video. 
This paper provides a detailed overview of recognition of human 
actions. We first define the Accumulated Motion Image (AMI) by 
using the technique of frame differencing. The Energy Histograms 
for horizontal and vertical directions are computed from AMI 
and those features are extracted for further process.The Discrete 
Fourier Transform is Computed from Energy Histograms and those 
features are also extracted. A trained Multi-class SVM(Support 
Vector Machine) is used to recognize the various actions from all 
these features. Public dataset is used for Evaluation. 
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I. Introduction
Recognizing human actions has become critical with increasing 
demand of high-level scene understanding to analyze the behaviors 
of humans in the scene.It has its applications in various fields 
such as video indexing,event detection,etc.In a case where a 
video is segmented to contain only one execution of a human 
activity,the objective of the system is to correctly classify the video 
into its activity category.The method proposed for recognizing 
human actions is based on a compact 2D spatio-temporal action 
representation called the accumulated motion obtained from a 
video.
In general,activity recognition aims to recognize the actions of 
one or more agents from a series of observations on the agent’s 
actions and the environmental conditions.In our work, an human 
agent is considered for classification.For example,irregular actions 
in public places can be detected by using the action recogniton 
systems.However,such action recognition systems still suffer from 
problems depending on variations of appearance.For example,the 
different clothes and gender yield significant differentiation of 
appearance in conducting similar actions.Thus,it is worth noting 
that building an efficient and robust action recognition system is 
a challenging task.
There are two types of human action recognition models: template-
based models and learning-based models.In the former,the single 
template (i.e.,training-free) is used to find the query action in target 
video  sequences whereas in the latter, reliable action  dataset is 
essentially needed to build a classifier.The latter is used in our 
work for which we take existing dataset like Weizmann dataset 
for implementation. Actions are single person activities that may 
be composed of multiple gestures organized temporally, such 
as ‘walking’, ’waving’, ’running’, etc. Gestures are elementary 
movements of a person’s body part, and are the atomic 
components describing the meaningful motion of a person,for 
example,‘stretching an arm’ and ‘raising a leg’.The proposed 
approach is based on single-layered approaches that represent and 
recognize human activities directly based on sequence of images.

Because of this nature, these are suitable for the recognition of 
gestures and actions with sequential characteristics.
Main contributions of the proposed method are summarized as 
follows: first, the Accumulated Motion Image(AMI) is defined by 
using image differences to represent the spatio-temporal features 
of occurring actions. It should be emphasized that only areas 
containing changes are meaningful for computing AMI instead 
of the whole silhouette of human body as in previous methods.
Thus,the segmentation task such as background subtraction to 
obtain the silhouette of human body is not required in our method.
Secondly,we propose to employ the energy histograms from the 
AMI and normalize them in order to obtain mean and variance.
The normalized histograms are used to compute the DFT(Discrete 
Fourier Transform) for which we obtain mean and variance again.
Finally,all the extracted features are used to train the system using 
Multi-class SVM(Support Vector Machine).
The rest of this paper is organized as follows:the related work 
is briefly summarized in  section II.The technical details about 
the method outlined above are explained in section III.The 
experimental work carried out with video datasets are shown in 
section IV and followed by the conclusion and future work in 
section V.

II. Related Work
Human action recognition has been widely studied for last several 
decades.Though much research efforts have been dedicated to 
human action recognition,it still remains a challenging task,due to 
the differences  in appearance and movement habit of subjects,and 
the view angle variations and illumination changes. Good tracking 
and segmentation still remains open research questions and are 
not able to deliver satisfactory performance.Another drawback 
of these methods is that they are not robust in the presence of 
occlusion.
Wonjun kim et al.[1] proposed a method for recognizing human 
actions from a single query action video.They gave an action 
recognition scheme based on ordinal measure of accumulated 
motion which does not require any preprocessing task such as 
learning and segmentation. Francesco and Carlo[2] presented a 
new motion descriptor based on a sparse optical flow computed 
by interest point tracking.This motion descriptor is by design 
invariant to scale,camera motion and is not affected by non-
stationary background.A histogram of counts is composed 
considering the position and the motion of each interest point.
This is processed to reduce its dimension by using the LSA(Latent 
Semantic Analysis). 
Masato,Masanori et al.[3]  proposed a new method for incoherent 
motion recognition from video sequences in which they used 
time-series spatio-temporal intensity gradients within a space-time 
patch(ST-patch).Yan song et al.[4] used the bag-of-words(BOW) 
representations based on vector quantization on local spatial 
temporal features.Despite of its good performance, the use of 
local ST features has several limitations.
Bobick and Davis [5] proposed the temporal templates as models 
for actions. They construct two vector images, that is, Motion 
Energy Image (MEI) and Motion History Image (MHI), which 
are designed to encode a variety of motion properties.Finally, 
these view-specific templates are matched against the model of 
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query actions. Schuldt et al. [6] use space-time interest points 
proposed in [7] to represent the motion patterns and integrate such 
representations with SVM classification schemes.
In [8], the paper addresses learning and classifying human actions 
on embedded low-dimensional manifolds.Jia and Yeung  proposed 
a novel manifold embedding method, called Local Spatio-Temporal 
Discriminant Embedding (LSTDE). Yang et al. [9] consider the 
problem of human action recognition from a single clip per action.
Using a patch based motion descriptor and matching scheme, we 
can achieve promising results on three different action datasets 
with a single clip as the template.
Ikizler et al. [10] proposed to use lines and optical flow histograms 
for human action recognition. In particular, they introduce a new 
shape descriptor based on the distribution of lines fitted to the 
silhouette of human body. A novel algorithm for view-invariant 
human action recognition is presented in [11] based on Two-
Dimensional Principal Component Analysis (2DPCA) applied 
directly on the Motion Energy Image (MEI) or the Motion 
History Image (MHI) in both the spatial domain and the transform 
domain. 
In [12], authors define the integral video to efficiently calculate 3D 
spatiotemporal volumetric features and train cascaded classifiers 
to select features and recognize human actions. Hu et al.[13] use 
the MHI along with foreground image obtained by background 
subtraction and the histogram of oriented gradients(HOG)[14] 
to obtain discriminative features for action recognition.Then 
they build a multiple-instance learning framework to improve 
the performance.
In [16], Qu et al. used 2-D silhouettes in the space-time volume as 
a basis for extraction of useful features. In this paper, the authors  
present a novel motion representation based on difference images 
exploiting the dynamics of motion. Benabbas et al.[17] presented 
an effective method for human action recognition using statistical 
models based on optical flow orientations. Shechtman and Irani 
[18] introduced a novel similarity measure based on the correlation 
of behaviour. They use intensity values in a small space-time patch.
It is correlated against a larger target video sequence by checking 
its consistency with every video segment to find the best match 
with the given query action.

III. Proposed Method
The proposed method consists of four stages:AMI 
computation,determination of  energy histograms and DFT,feature 
extraction and training the classifier using Multi-class SVM.
The overall procedure is shown as block diagram (Fig. 1). The 
algorithm for the proposed method is shown in Table 1.

Fig. 1: Block Diagram of Proposed Method

A. Accumulated Motion Image(AMI)
Since the accumulated motion is differentiable across various 
actions, it can be regarded as a discriminative feature for 
recognizing human actions. Based on this observation, a feature 
is introduced,AMI,enabling efficient representation of the 
accumulated motion.The accumulated motion image handles 
the variation of appearance such as different clothes and gender 
(see Fig. 2). This feature AMI is motivated by the gait energy 
image(GEI) popularly used for the individual recognition and 
gender classification. However, as compared to GEI, only areas 
including changes are used to compute AMI instead of requiring 
the whole silhouette of human body. It is named as accumulated 
motion image because:
AMI represents the time-normalized accumulative action energy 
and pixels with higher intensity values in the AMI denote that 
motions occur more frequently at those positions.

Fig. 2: Variations of Appearance Due to Different Clothes and 
Gender in the Same Action

To this end, the gray-level AMI is defined by using image 
differences as follows in (1)

   (1)                            

where D(x, y, t) = I(x, y, t) − I(x, y, t − 1) and T denotes the length 
of the query action video  (i.e., total number of frames). 
As compared to MEI and MHI,AMI describes the accumulated 
motion by using the pixel intensity.The examples of AMI for some 
actions are shown in fig. 3.

B. Energy Histograms
This proposal takes up in finding energy histograms horizontally 
and vertically for the purpose of extracting features. From the AMI 
computed,energy histograms have to be found in both the horizontal 
and vertical directions. First, the horizontal projection is performed 
to accumulate all the AMI values in each row of the image. The 
projection is also conducted in the vertical direction.Accumulated 
AMI values of each bin are normalized by the maximum value 
among AMI values belonging to the corresponding bin.

Fig. 3: Examples of AMI for Various Actions From Weizmann    
Dataset: bend, Jack, Parallel Jump
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Energy histograms for each direction are defined as follows in 
equations (2) and (3) ,                                          

  (2)

  (3)

where H and W   denote   the  height  and width  of  the accumulated 
motion.max _AMI (·) denotes the maximum value among AMI 
values belonging to the ith or jth bin in each energy histogram.
Normalization is carried out to minimize redundancy.In image 
processing,normalization is a process that changes the range 
of pixel intensity values.In our work,the energy histograms are 
normalized to a value range of 0-1.From the normalized energy 
histograms, we try to obtain the mean and variance features.This 
yields 4D statistics.

C. Discrete Fourier Transform (DFT)
This technique is a specific kind of discrete transform, used in 
Fourier analysis.It  transforms one function into another which is 
called the frequency domain representation or simply the DFT of 
the original function (which is often a function in the time domain).
The Fast Fourier Transform(FFT) is an efficient algorithm for 
computing the DFT.The input to the DFT is a finite sequence of 
real or complex numbers,making the DFT ideal for processing 
information stored in computers. 
The sequence of N spatial complex coefficients x0, x1,……,xN-1 is 
transformed into the sequence of N frequency complex coefficients  
X(0), X(1),…….., X(N-1)  by the DFT according to the formula 
as given in equation (4)

  (4)

where n=0, 1… N-1 and k=0, 1… N-1.                    

Table 1: Algorithm for Proposed Method
Input:   Test Video
Output: Multi-class SVM classifies the actions

Read the input video frame by frame,convert each image 1. 
to grayscale to perform frame differencing.
Accumulate all the frame differences and divide by the 2. 
total number of frames to obtain AMI.
Compute energy histograms for the accumulated 3. 
motion in horizontal and vertical directions.Then 
normalize them to a range of 0-1.From the normalized 
histograms,obtain the feature vectors mean and variance.
This gives 4D statistics.
Compute DFT from the normalized energy 4. 
histograms,with which mean and variance have been 
found.This gives 4D more statistics.
In total,the feature vectors yielded is 8D statistics.5. 
With all the features extracted i.e.,8D statistics,the 6. 
system is trained by using Multi-class SVM to 
categorize actions.

But the DFT requires an input function that is discrete and whose 
non-zero values have a limited (finite) duration. Such inputs are 
often created by sampling a continuous function. Unlike the 
discrete-time Fourier transform (DTFT), it only evaluates enough 
frequency components to reconstruct the finite segment that was 
analyzed. 

Using the above equation(4),we compute DFT from the normalized 
energy histograms in both directions(horizontal and vertical).With 
the DFT found,we try to extract mean and variance.This yields 
4D statistics.

D. Feature Extraction
In pattern recognition and in image processing, feature extraction 
is a special form of dimensionality reduction.When the input data 
to an algorithm is too large to be processed and it is suspected to be 
notoriously redundant (much data, but not much information) then 
the input data will be transformed into a reduced representation 
set of features (also named features vector).  
Transforming the input data into the set of features is called feature 
extraction. If the features extracted are carefully chosen,it is 
expected that the feature set will extract the relevant information 
from the input data in order to perform the desired task using 
this reduced representation instead of the full size input.Feature 
extraction involves simplifying the amount of resources required 
to describe a large set of data accurately. When performing analysis 
of complex data,one of the major problems stems from the number 
of variables involved.
Analysis with a large number of variables generally requires a 
large amount of memory and computation power or a classification 
algorithm which overfits the training sample and generalizes poorly 
to   new samples. Feature extraction is a general term for methods 
of constructing combinations of the variables to get around these 
problems while still describing the data with sufficient accuracy.
Best results are achieved when an expert constructs a set of 
application-dependent features.

1. Obtaining Mean and Variance

(a). Mean
For a data set, the mean is the sum of the values divided by the 
number of values.This mean is a type of arithmetic mean and  
describes the central location of the data.The arithmetic mean is 
the “standard” average and is defined as follows in (5)

     (5)
where  is the arithmetic mean.
The mean has to be computed for normalized energy histograms 
and DFT in both horizontal and vertical directions. 

(b). Variance
Variance is a measure of the dispersion of a set of data points 
around their mean value. It is a mathematical expectation of the 
average squared deviations from the mean. The variance has to 
be computed for normalized energy histograms and DFT in both 
horizontal and vertical directions,which is defined as the average 
of the squared differences from the mean which is given by the 
formula (6)

   (6)
Where  is the arithmetic mean.

E. Multi-Class SVM
A Support Vector Machine (SVM) is a concept in statistics and 
computer science for a set of related supervised learning methods  
that  analyze  data    and    recognize patterns, used for classification 
and regression analysis.
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The standard SVM takes a set of input data and predicts for each 
given input, which of two possible classes comprises the input, 
making the SVM a non-probabilistic binary linear classifier. Given 
a set of training examples, each marked as belonging to one of 
two categories, an SVM training algorithm builds a model that 
assigns new examples into one category or the other.
Multiclass SVM aims to assign labels to instances by using support 
vector machines, where the labels are drawn from a finite set of 
several elements.The dominant approach for doing so is to reduce 
the single multiclass problem into multiple binary classification 
problem.In this proposal,with the features that are extracted,the 
system is trained by Multi-class SVM which will give the action 
category.

IV. Implementation Details
For evaluating the proposed algorithm, this paper uses the 
Weizmann  dataset, which  is  relatively larger in terms of the 
number of subjects and actions. It  includes  81 low-resolution videos 
(180-by-144, 25fps) from  9  different people, each performing 9 
natural actions (periodic and non-periodic actions, and stationary 
and non-stationary motions along both horizontal and vertical 
directions), i.e., bending (bend), jumping jack (jack),jumping-
forward-on-two-legs (jump), running (run),jumping-in-place-
on-two-legs (pjump), walking (walk),galloping-sideways (side), 
waving-one-hand (wave1), and waving-two-hands (wave2). 

Fig. 4: Sample Images in the Action Database for Bend, Jack, Jump, 
Pjump, Run, Side, Skip, Walk, Wave1 and wave2 Respectively

Together with a lately added action of skipping (skip), the dataset 
in our experiments in total includes 10 actions and 90 videos.
Sample images of each action are shown above in Fig. 4, from 
which we can see that many of actions are similar in the senses 
that the limbs have similar motion paths, and this high degree of 
similarity among actions makes discrimination more challenging. 
Also, each action in this dataset is performed by different people 
with different physical characteristics and motion styles, thus 
providing more realistic data for the test of the versatility of the 
proposed method.

B. Computation of Accumulated Motion
In calculating the AMI,this method employs the sum of absolute 
difference of frames for action recognition to obtain good 
recognition results.Frame differencing is carried out with the 
frames obtained and the accumulated motion will look as shown 
in fig. 5.

    
Fig. 5: Accumulated Motion for Bend and Wave1

Frame differencing is a technique where the computer checks the 
difference between two video frames. If the pixels have changed 
apparently there was something changing in the image(moving 
for example). Frame differencing algorithm is used for detection 
of any moving object, which gives as output the position of the 
moving object in the image.

Table 2: Mean and Variance for Energy Histograms

  Actions                                 
Horizontal Direction Vertical Direction
Mean Variance Mean Variance

Bend 0.8305 0.0106 0.6580 0.0127
Jack 0.8142 0.0178 0.6710 0.0236
Jump 0.6429 0.0826 0.8647 0.0301
Side 0.5824 0.1023 0.8552 0.0262
Walk 0.6763 0.0699 0.9147 0.0146
Wave2 0.7488 0.0138 0.7903 0.0112

C. Comparison of Mean and Variance
With the computed accumulated motion image,we compute energy 
histograms in horizontal and vertical directions.After normalizing, 
feature vectors like mean and variance is calculated.The values 
are shown for various actions in Table 2 above.
From the normalized energy histograms,we compute DFT 
horizontally and vertically.With this,we obtain the mean and 
variance showing for some actions in the below Table 3.

Table 3: Mean and Variance for DFT   

  Actions                                 Horizontal Direction Vertical Direction
Mean Variance Mean Variance

Bend 1.0000 89.3285 0.6943 78.9528
Jack 0.7075 69.1052 0.4604 49.9793
Jump 0.5092 59.1171 0.6154 131.9197
Side 0.4246 57.7676 0.4800 112.8522
Walk 0.5203 58.8715 0.5955 134.8497
Wave2 0.7567 54.1230 0.7038 90.0329

When comparing the mean and variance values,they are 
differentiable across each different actions carried out on a 
single person.With all the feature vectors obtained, we train 
the system using Multi-class SVM technique which correctly 
classifies the action category.Our system tracks the action fastly 
and efficiently.
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V. Conclusion
Compared to previous methods, our proposed algorithm is 
performed very fast based on the accumulated motion.To this 
end, AMI computation is carried out which is differentiable 
across various actions and regarded as a discriminative feature.
This helps in handling the variations of appearance and clearly 
shows the moving pixels. The trained system classifies the actions 
appropriately with fastness and efficiency.Our future work could 
handle more than one object in a video and occlusions.
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