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Abstract - The human action recognition system first
gathers images by simply querying the name of the action on
a web image search engine like Google or Yahoo. Based on
the assumption that the set of retrieved images contains
relevant images of the queried action, we construct a dataset
of action images in an incremental manner. This yields a
large image set, which includes images of actions taken from
multiple viewpoints in a range of environments, performed
by people who have varying body proportions and different
clothing. The images mostly present the “key poses” since
these images try to convey the action with a single pose. In
existing system to support this they first used an incremental
image retrieval procedure to collect and clean up the
necessary training set for building the human pose classifiers.
There are challenges that come at the expense of this broad
and representative data. First, the retrieved images are very
noisy, since the Web is very diverse.  Second, detecting and
estimating the pose of humans in still images is more difficult
than in videos, partly due to the background clutter and the
lack of a foreground mask. In videos, foreground
segmentation can exploit motion cues to great benefit. In still
images, the only cue at hand is the appearance information
and therefore, our model must address various challenges
associated with different forms of appearance. Therefore for
robust separation, in proposed work a segmentation
algorithm based on Gaussian Mixture Models is proposed
which is adaptive to light illuminations, shadow and white
balance is proposed here. This segmentation algorithm
processes the video with or without noise and sets up
adaptive background models based on the characteristics
also this method is a very effective technique for background
modeling which classifies the pixels of a video frame either
background or foreground based on probability distribution.

Keywords – Action Recognition, Clutter, Denoising,
Gaussian Mixture Model, Segmentation.

I. INTRODUCTION

Action recognition has been recognized as an important
research area of computer vision in recent years. In order
to make these video archives more easily accessible,
computer vision research is needed to leverage human
action recognition tools. Most research in human action
recognition to date has focused on videos taken in
controlled environments working with limited action
vocabularies. Standard datasets, like KTH and Weizmann,
formed for this purpose are well-explored in various
studies and many more. These datasets are relatively
simple and the recording conditions are mostly controlled
(simple background, fairly static camera, etc). However,
real world videos rarely exhibit such consistent and simple

settings. Instead, there is a wide range of conditions where
the actions can possibly take place, together with a large
variety of actions that can be observed. With the current
state of the art in video collections and video retrieval
tools, it is not straightforward to collect the large amount
of videos needed for training generative and/or
discriminative models that can handle such diversity. To
deal with this diverse nature of human actions and have a
more generic action recognition system, we propose to
“learn” action pose representations from the Web.

The main observation behind our approach is as
follows: Recent works state that action recognition based
on key poses is possible. It is shown that key poses of
actions are quite informative in discriminating between
different actions. One important drawback of such
methods is that these methods require very large amounts
of training video, especially if the system is aimed at
recognizing actions in real world videos [3]. Finding
enough labeled video data that covers a diverse set of
poses is quite challenging. The Web, on the other hand, is
a rich source of information, with many action images
taken under various conditions, and these are roughly
annotated; i.e., the surrounding text in a web page is a clue
used by search engines about the content of these images.
Our intuition is that one can use such a collection of
images to learn certain pose instances of an action. By
doing this, our work tries to join two lines of research
“Internet vision” and “action recognition” together and
makes it possible for one to benefit from the other.

The main contribution of our work here is as follows:
First is proposing a system which incrementally collects
action images and videos from the Web by simple text
querying. In this process we proceeding keyword-based
image search will be the training set which is collected
from the relevant image set mostly comprises
discontinuous subsets, due to different poses, viewpoints
and appearances based on human action [2]. Second is
building action models by using the noisy set of images in
an unsupervised fashion in this we present a method for
cleaning the results of keyword retrieval, and the learn
pose models based on this cleaned dataset. Third is
proposing PbHOG features, to be used in presence of
background clutter that method denoted as an edge
detector. We use the probability of boundary (Pb) operator
(PbCanny), which is to perform delineating the object
boundaries and then used to extract HOG features based
on Pb responses.

Third is we are using the action models to re-rank
retrieved images and improve the retrieval precision. The
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action models learned from one set of videos are adapted
for recognition in another set of videos using a transfer
topic model. Fourth is using the action pose models to
annotate human actions in uncontrolled videos (e.g.
YouTube videos). The action pose models learnt from the
Web can be used for locating the distinctive poses inside
the videos, and further, improve the action recognition.
This key pose selection scheme also reduces the training
time to a great extent. Fifth is using collected image data
from the Web jointly with video data for improving action
recognition. Sixth is proposing the OPP method for
temporal reasoning about body poses within each action;
and using Web-based pose classifiers for selecting the key
poses from human tracks for efficient training. The
proposed OPP descriptor takes one step further and
models the temporal relationships between poses. By this,
actions that share similar intermediate poses can be more
accurately discriminated.

II. RELATED WORK

A. Recognizing human actions: A local svm
approach

Applications such as surveillance, video retrieval and
human-computer interaction require methods for
recognizing human actions in various scenarios. Typical
scenarios include scenes with cluttered, moving
backgrounds, non-stationary camera, scale variations,
individual variations in appearance and cloth of people,
changes in light and view point and so forth. All of these
conditions introduce challenging problems that have been
addressed in computer vision in the past. Recently, several
successive methods for learning and recognizing human
actions directly from image measurements have been
proposed [3]. When using image measurements in terms of
optic flow or spatio-temporal gradients, however, these
measurements and therefore the results of recognition may
depend on the recording conditions such as position of the
pattern in the frame, spatial resolution and relative motion
with respect to the camera. Moreover, global image
measurements can be influenced by motions of multiple
objects and variations in the background. Whereas these
problems can be solved in principle by external
mechanisms for spatial segmentation and/or camera
stabilization, such mechanisms might be unstable in
complex situations. This motivates the need of alternative
video representations that are stable with respect to
changes of recording conditions.
B. Actions as space-time shapes

Recognizing human action is a key component in many
computer vision applications, such as video surveillance,
human-computer interface, video indexing and browsing,
recognition of gestures, analysis of sports events and
dance choreography. Some of the recent works done in the
area of action recognition have shown that it is useful to
analyze actions by looking at the video sequence as a
space-time intensity volume [8]. Analyzing actions
directly in the space-time volume avoids some limitations
of traditional approaches that involve the computation of
optical flow (aperture problems, smooth surfaces,

singularities, etc.), feature tracking] (self-occlusions, re-
initialization, change of appearance, etc.), key frames (lack
of information about the motion). Most of the above
studies are based on computing local space-time gradients
or other intensity based features and thus might be
unreliable in cases of low quality video, motion
discontinuities and motion aliasing.
C. Unsupervised learning of human action categories
using spatial-temporal words

Imagine a video taken on a sunny beach, can a computer
automatically tell what is happening in the scene? Can it
identify different human activities in the video, such as
water? surfing, beach volleyballs, or people taking a walk
along the beach [13] ? To automatically categorize or
localize different actions in video sequences is very useful
for a variety of tasks, such as video surveillance, object-
level video summarization, video indexing, digital library
organization, etc. However, it remains a challenging task
for computers to achieve robust action recognition due to
cluttered background, camera motion, occlusion, and
geometric and photometric variances of objects. For
example, in a live video of a skating competition, the
skater moves rapidly across the rink, and the camera also
moves to follow the skater. With moving cameras, non-
stationary background, and moving target, few vision
algorithms could identify, categorize and localize such
motions well. In addition, the challenge is even greater
when there are multiple activities in a complex video
sequence. In this paper, we will present an algorithm that
aims to account for both of these scenarios. A lot of
previous work has been presented to address these
questions. One popular approach is to apply tracked
motion trajectories of body parts to action recognition.
This is done with much human supervision and the
robustness of the algorithm is highly dependent on the
tracking system. Ke et al. apply spatio-temporal
volumetric feature that efficiently scan video sequences in
space and time [14]. Another approach is to use local
space-time patches of videos. Laptev et al. present a space-
time interest point detector based on the idea of the Harris
and F ¨ orstner interest point operators.
D. A biologically inspired system for action
recognition

Understanding the perception of actions in both humans
and animals is an important area of research crossing the
boundaries between several scientific disciplines from
computer science to brain science and psychology. Motion
recognition is one of the most challenging recognition
problems in computer vision with important applications
such as surveillance and human-machine interaction [6].
At the same time, our understanding of the brain
mechanisms responsible for the recognition of actions has
progressed over the past decades and a body of
experimental data is growing rapidly.
E. Action recognition using exemplar-based
embedding

Action recognition is of central importance in computer
vision with many applications in visual surveillance,
human computer interaction and entertainment, among
others. A challenging issue in this field originates from the
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diversity of information which describes an action. This
includes purely visual cues, e.g. shape and appearance, as
well as dynamic cues, e.g. space-time trajectories and
motion fields. Such diversity raises the question of the
relative importance of these sources and also to what
degree they compensate for each other [9]. In a seminal
work, Johansson demonstrated through psychoanalytical
experiments that humans can recognize actions merely
from the motion of a few light points attached to the
human body. Following this idea, several works,
attempted to recognize actions using trajectories of
markers with specific locations on the human body. In
particular, humans are able to recognize many actions
from a single image. Consequently a significant effort has
been put in representations based on visual cues. Two
main directions have been followed. Implicit
representations simultaneously model in space and time
with space-time volumes by using space-time features.

III. BACKGROUND STUDY

In this paper in order to provide a well-defined
evaluation methodology, action recognition based on key
poses is employed. It is shown that key poses of actions
are quite informative in discriminating between different
actions. One important drawback of such methods is that
these methods require very large amounts of training
video, especially if the system is aimed at recognizing
actions in real world videos. Finding enough labeled video
data that covers a diverse set of poses is quite challenging
[10]. The Web, on the other hand, is a rich source of
information, with many action images taken under various
conditions, and these are roughly annotated; i.e., the
surrounding text in a web page is a clue used by search
engines about the content of these images. Our intuition is
that one can use such a collection of images to learn
certain pose instances of an action. By doing this, our
work tries to join two lines of research “Internet vision”
and “action recognition” together and makes it possible for
one to benefit from the other.

The main contribution of our work here is as follows:
First is proposing a system which incrementally collects
action images and videos from the Web by simple text
querying. In this process we proceeding keyword-based
image search will be the training set which is collected
from the relevant image set mostly comprises
discontinuous subsets, due to different poses, viewpoints
and appearances based on human action.

Second is building action models by using the noisy set
of images in an unsupervised fashion in this we present a
method for cleaning the results of keyword retrieval, and
the learn pose models based on this cleaned dataset [.

Third is proposing PbHOG features, to be used in
presence of background clutter that method denoted as an
edge detector. We use the probability of boundary (Pb)
operator (PbCanny), which is to perform delineating the
object boundaries and then used to extract HOG features
based on Pb responses.

Fourth is we are using the action models to re-rank
retrieved images and improve the retrieval precision. The

action models learned from one set of videos are adapted
for recognition in another set of videos using a transfer
topic model.

Fifth is using the action pose models to annotate human
actions in uncontrolled videos (e.g. YouTube videos). The
action pose models learnt from the Web can be used for
locating the distinctive poses inside the videos, and
further, improve the action recognition. This keypose
selection scheme also reduces the training time to a great
extent.

Sixth is using collected image data from the Web jointly
with video data for improving action recognition. Sixth is
proposing the OPP method for temporal reasoning about
body poses within each action; and using Web-based pose
classifiers for selecting the key poses from human tracks
for efficient training. The proposed OPP descriptor takes
one step further and models the temporal relationships
between poses. By this, actions that share similar
intermediate poses can be more accurately discriminated.

IV. PROPOSED SYSTEM

Segmentation algorithm based on Gaussian Mixture
Models is implemented to achieve robust segmentation for
noiseless and noisy video sequences. The existing work
achieved segmentation but failed to handle different
environments. The proposed work possesses much greater
robustness to problematic phenomena than the prior state
of-the-art, without sacrificing real-time performance,
making it well-suited for a wide range of practical
applications in video event detection and recognition. To
the sequences of video polluted with Gaussian noise, the
results show that the new algorithm increases PSNR
effectively and maintains the visual quality to obtain clear
information from the video. In this work, this task has vital
importance, since the system is designed to adapt with the
outdoor environment where the static background is
cluttered with non-uniformity (movement of unwanted
objects) and subtle changes in illumination or lighting
conditions. So, motion segmentation should be performed
accurately so that those moving regions can be later used
for computing the flow of motion. Dynamic adaptive
Gaussian Mixture Model (GMM) is a very effective
technique for background modeling which classifies the
pixels of a video frame either background or foreground
based on probability distribution. GMM is employed
within successive frames to model the background, and
thus extract the moving regions (i.e., foreground) between
consecutive frames. These extracted regions are used at
the time of flow computation. The conventional frame
difference technique cannot deal with the non-uniformity
of the background, whereas the dynamic form of GMM
effectively selects moving points within the cluttered
background. From the extracted moving regions obtained
using GMM are later used for estimating those points that
are tracked for the computation of optical flow to signify
motion flow.

The goal is to create a robust, adaptive segmentation
system that is flexible enough to handle variations in
lighting, moving scene clutter, multiple moving objects
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and other arbitrary changes to the observed scene. In this
paper, a novel approach for segmentation of moving video
objects in both noiseless and noisy color video sequences
towards effective video retrieval is proposed. To the video
sequences corrupted with Gaussian noise, the results show
that the new algorithm increases PSNR.
A. Architecture

Fig.1. Architecture Diagram
B. Algorithm

Incremental collection of action images for a single
action
1: Run query set Q in Google or Yahoo image search
2: Preprocess retrieved images:
3: Run person detector
4: Align images w.r.t. head positions
5: Extract PbHOG features
6: Train logistic regression classifier using Sai ={first set
of n images}
7: while more images remain do
8: Compute p(y|x) for n next images
9: Include all new images with p(y|x) > to Sai

10: Retrain logistic regression classifier on Sai

11: Compute p(y|x) for all x∈Sai

12: Exclude images with from p(y|x) < for Sai

13: end while
C. Image collection from web pages

Collecting useful training image datasets from the Web
can be difficult due to various challenges. First, for a given
keyword- based image search, the ratio of nonrelevant
images in the retrieved dataset tends to be very high.
Second, the relevant image set mostly comprises
discontinuous subsets, due to different poses, viewpoints
and appearances. In order to build a reliable and effective
training set, each of these subsets should be identified and
represented in the final collected dataset. The number of
objects,  well as objects’ pose and scale vary quite a bit
across retrieved images.
D. Denoising and background clutter using GMM

In this module each pixel in a frame will be subjected to
different environments. Normally if a background model
is available, moving objects could be easily detected from
the difference between each video frame and the
background. While analyzing the video acquisition noise,
each surface pixel is distributed as a single Gaussian
distribution model which changes with light alone.
Adaptive Gaussian per pixel will satisfy the surfaces

where light keeps on changing over time. In practice,
multiple surfaces often appear in the view frustum of a
particular pixel and the lighting conditions change. The
background model should be adaptive so that manual re-
initialization will be avoided. Thus multimodal Gaussian
distributions are necessary. We use a mixture of adaptive
Gaussians to approximate this process. Each time the
parameters of the Gaussians are updated, the Gaussians are
evaluated using a simple logistic process to interpret
which objects are likely to be the static and dynamic
scenes.

With this Dynamic adaptive Gaussian Mixture Model
(GMM) is a very effective technique for background
modeling which classifies the pixels of a video frame
either background or foreground based on probability
distribution. GMM is employed within successive frames
to model the background, and thus extract the moving
regions (i.e., foreground) between consecutive frames.
These extracted regions are used at the time of flow
computation. The conventional frame difference technique
cannot deal with the non-uniformity of the background,
whereas the dynamic form of GMM effectively selects
moving points within the cluttered background.
E. Image representation of action images from the web

In this module we perform the aim to collect
representative action images from the Web. By action
images, we refer to the set of images in which there is at
least one person engaged in a particular action set of the
given the initial results of a keyword query to an image
search engine. In each of the retrieved images, we first
extract the location of the human.

Perform the two steps for representing the images and
effective in detecting people in different poses

Head Alignment: The detected humans are not always
centralized within their corresponding bounding box. We
solve this issue via an alignment step. Head detections
tend to be more reliable, since there is usually a higher
variance in the limb areas.  each image take the detector’s
output for the head and update the bounding box of the
person so that the head area is positioned in the upper
center of the bounding box. Using this step, we achieve a
rough alignment of the poses.

Feature Extraction: Once the humans are centralized, we
extract an image descriptor for each detected area. The
images collected from the Web span a wide range of
variability.  In many cases, the background clutter impedes
good pose estimation using state-of-the-art algorithms.
Therefore, we need a descriptor that provides a good
representation of the poses and is able to cope with the
background clutter. This is tricky, since we neither have
the silhouette, nor the perfect bounding box for the
humans in the images.
F. Nonrelevant Images removal process

After completion of the query, person detection, and
feature extraction steps, our image set includes images that
depict instances of the queried action plus a large number
of irrelevant images. The next task is to obtain a less noisy
dataset that can later serve as a training set in building our
action model. Learning procedure to detect and remove
nonrelevant images from the action image set. Our method
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starts with the basic assumption that the first set of
retrieved images is more likely to contain relevant ones.
Discriminative approach that provides estimates of
posterior probabilities, but avoids these pitfalls. We force
the classifier to generalize on features based on human
pose rather than background (contextual) features. For this
purpose, use a background set, which is obtained by
automatically selecting random bounding boxes where the
human detector.

Logistic regression, with the following probability
model for foreground set at the simple enough classifier

   )(exp1

1
,|

xwy
wxyP

T


Where x is the feature vector concatenated with 1 for
the bias term, w  is the weight vector and bias, and y  is the
class label.  Minimizing negative log-likelihood

 
 






 

N

1
)(

2

1
1logmin

i
TixTwiy wwe

N is the number of the training samples
G. Incremental Model Update for images

In this module the initial classifier from the previous
step, we iteratively go over the remaining set of retrieved
images to build a larger dataset of action images dataset
via selecting images that have high posterior probability of
being foreground, and retraining the logistic regression
classifier. Since we will use the resulting set as the training
set of the action model, the cost of introducing a false
positive is much higher than leaving out some of the true
positives. Although we may lose some training samples
for the foreground class, we need to decrease the false
positive amount to build up a reliable training set.
H. Action recognization using classifier

In this module we add additionally in the previous
incremental procedure, we produce a cleaner image
dataset for each action class. Given these datasets, train
our action classifiers to use with videos since action
images are taken from multiple viewpoints, the dataset for
each action tends to be multimodal. Moreover, the
collected dataset can still contain a significant amount of
noise. To deal with this multimodality and data noise, we
propose to first cluster the data for an action into multiple
modes via nonnegative matrix factorization (NMF). The
number of basis vectors is increased; NMF tends to
discover the individual limb areas. Clustering the data to
discover the individual action poses, train separate local
logistic regression classifiers on the different clusters for
each action. Each cluster is lower; the local classifiers tend
to become more robust to outliers in the training set. For
training, we use the background images and images of
other actions as the negative class. To classify a new
image, we choose the local classifier with highest posterior
probability for an action, and then use the soft-max
operator on the posteriors of all actions. The final posterior
probability for each action ai is therefore defined as
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I. Pose Classifiers to Select Key Poses
In this module we collected Web images can be useful

for the videos, is to use the Web-based classifiers to select
key poses from the extracted human tracks. The manual
extraction and labeling of all of the person tracks within
uncontrolled videos are generally infeasible. Web-based
classifiers in selecting the reliable and informative parts of
the sequences and use only those detections for action
inference. This selection can decrease the training data
size and, hence, reduce the computation time greatly. For
this purpose, we utilize our already trained Web-based
pose classifiers and use the classifier responses as a prior
for selecting the frames that include the keyposes. The
selected poses and the accompanying local motion
information can further be utilized for efficient action
classification.
J. Temporal Ordering of the Poses for action
recognition

In this module we proposed a Pose-based recognition,
by itself, may not discriminate between the actions that
include similar poses, such as “sitting down” and “sitting
up” or “volleyball spikes” and “tennis swing”. In order to
discriminate between such actions that share intermediate
similar poses, the temporal relationships between the
poses within an action should also be considered. We
believe that any temporal model can easily be incorporated
to our pose-based recognition framework for this purpose.
In order to demonstrate a method that utilizes web-based
action-pose classifiers to learn the temporal ordering of
poses that are intrinsic to each action, we adapt a bigram
based temporal descriptor conventional bigrams; we
eschew hard-assignment of poses to clusters in order to
avoid information loss due to quantization. The main idea
is to extract temporal descriptors based on occurrences of
OPP in a video.

Fig.2. Flowchart of GMM segmentation algorithm

V. CONCLUSION AND FUTURE WORKS

In this paper, we have presented a unified approach
towards solving the human action recognition and
localization using OPP method with the concept of
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Denoising and background clutter for them. From this we
have greatly improve the overall recognition over
traditional approach. The method presented here models
the background by updating the frames constantly. The
intermediate and final results obtained in segmenting the
video objects in a color video sequence are presented here.
Denoising of foreground and background is done
separately showing improved PSNR with other methods.

In future work we can use a novel view invariant action
recognition method based on neural network
representation and recognition is proposed. The novel
representation of action videos is based on learning
spatially related human body posture prototypes using self
organizing maps. Fuzzy distances from human body
posture prototypes are used to produce a time invariant
action representation. Multilayer perceptions are used for
action classification.
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