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Abstract - In this System, the problem of recognizing human activities from video sequences are discussed. The need for 
such systems is increasing every day, with the number of (hundreds or thousands) of surveillance cameras deployed in public 
spaces. This large number of cameras calls for systems able to detect, categorize and recognize human activity, requesting 
human attention only when necessary. Our work is focused on three fundamental issues: (1) the design of a classifier and 
data modeling for activity recognition; (2) how to perform feature selection and (3) how to define the structure of a classifier. 
The recognition process is performed by using Naive Bayes, AdaBoost, KNN and neural network classifiers in existing 
system. We use of a SVM classifier, and model the likelihood functions as Gaussian mixtures, adequate to cope with 
complex data distributions, that are learned automatically. As for feature selection, we use SURF (Speedup Robust Features) 
key points, to extract the key points from the images. SVM is applied on SURF features to provide better class separation. 
Experimental results show that the proposed method meets out the requirements of the Eco centric activity system such as 
imperceptibility, capacity and robustness. The output of the proposed method is superior to the existing methods.  
 
Keywords - Speedup Robust Feature, Support Vector Machine, Activity Recognition. 
 
I. INTRODUCTION 
 
Understanding human activities from video is a 
fundamental problem in computer vision.  Much of 
the initial work in this area has been focused on 
analyzing shapes, colors and movement patterns. In 
contrast to these early datasets, people in realistic 
scenarios manipulate objects as a natural part of 
performing an activity, and these object 
manipulations are important part of the visual 
evidence that should be considered. In addition, 
attempts to position fixed cameras in homes or offices 
to capture naturally-occurring activities is challenging 
due to the inherently-limited field of view of a fixed 
camera and the difficulty of keeping all relevant body 
parts, including fingers and hands, in focus and at 
sufficient resolution at all times. An alternative to the 
conventional “third person” video capture paradigm 
is to mount a camera on the head of a subject and 
record activities from an egocentric perspective (i.e. 
from the subject’s own point of view).There has been 
significant recent interest in the egocentric approach 
to vision. They believe that the human paradigm is 
particularly beneficial for analyzing activities that 
involve object manipulation, for three reasons: First, 
occlusions of manipulated objects tend to be 
minimized as the workspace containing the objects is 
always visible to the camera. Second, objects tend to 
be presented at consistent viewing directions with 
respect to the egocentric camera. Third, actions and 
objects tend to appear in the middle of the image and 
are usually in focus, resulting in high quality image 
measurements for the areas of interest.  
 
A key aspect of our approach is the use of the 
semantic relationships between activities, actions, and 

objects to prune the search space arising in video 
interpretation. 
 
II. LITERATURE REVIEW  
 
A.Behra.et. al presented an approach for recognizing 
activities using video from an egocentric (first-person 
view) setup. Their approach infers activity from the 
interactions of objects and hands [21]. In contrast to 
previous approaches to activity recognition, they did 
not require to use an intermediate such as object 
detection, pose estimation, etc. Modeling the spatial 
distribution of visual words corresponding to local 
features further improved the performance of activity 
recognition using the bag-of-visual words 
representation. A.Fathi.et.al presented a method to 
analyzed daily activities [19], such as meal 
preparation, using video from an egocentric camera. 
Their method performed inference about activities, 
actions, hands, and objects. 
 
Daily activities are a challenging domain for activity 
recognition which were well-suited to an egocentric 
approach. They introduced a novel representation of 
actions based on object-hand interactions and 
experimentally demonstrated the superior 
performance of our representation in comparison to 
standard activity representations such as bag of 
words. H. Bay.et.al presented a novel scale- and 
rotation-invariant interest point detector and 
descriptor, coined SURF (Speedup Robust Features). 
It approximated or even outperformed previously 
proposed schemes with respect to repeatability, 
distinctiveness, and robustness, yet can be computed 
and compared much faster [6]. This was achieved by 
relying on integral images for image convolutions; by 
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building on the strengths of the leading existing 
detectors and descriptors (in case, using a Hessian 
matrix-based measure for the detector, and a 
distribution-based descriptor); this lead to a 
combination of novel detection, description, and 
matching steps. A.Behera.et.al presented a method for 
real-time monitoring of workflows in a constrained 
environment. The monitoring system should not only 
be able to recognize the current step but also provide 
instructions about the possible next steps in an 
ongoing workflow [22]. In this paper, They addressed 
this issue by using a robust approach (HMM-pLSA) 
which relied on a Hidden Markov Model (HMM) and 
generative model such as probabilistic Latent 
Semantic Analysis (pLSA). The quantization and 
classifier were both configured in a prior learning 
phase from training data. An activity was represented 
by a Markov model over atomic events. 
P.Matikainen.et.al described the popular bag-of-
words paradigm for action recognition tasks was 
based on building histograms of quantized features, 
typically at the cost of discarding all information 
about relationships between them [16].They proposed 
a simple and computationally efficient method for 
expressing pairwise relationships between quantized 
features that combined the power of discriminative 
representations with key aspects of Naive Bayes. 
E.Shechtman and M. Irani [9] presented an approach 
for measuring similarity between visual entities 
(images or videos) based on matching internal self-
similarities. The internal self-similarities were 
efficiently captured by a compact local “self-
similarity descriptor”, measured densely throughout 
the image/video, at multiple scales, while accounting 
for local and global geometric distortions. They 
compared our measure to commonly used image-
based and video-based similarity measures, and 
demonstrated its applicability to object detection, 
retrieval, and action detection.W.Liu.et.al described 
Increasing the expressiveness of qualitative spatial 
calculi was an essential step towards meeting the 
requirements of applications [12]. They combined 
some of the best known calculi in qualitative spatial 
reasoning (QSR), the RCC8 algebra for representing 
topological information, and the Rectangle Algebra 
(RA) and the Cardinal Direction Calculus (CDC) for 
directional information. G.Carnerio and Lothey, D 
proposed a new model representation that had a less 
restrictive prior on the geometry and number of local 
features, where the geometry of each local feature 
was influenced by its k closest neighbors and models 
may contain hundreds of features and a novel 
unsupervised on-line learning algorithm that was 
capable of estimating the model parameters 
efficiently and accurately [7]. Lothey, D.G. presented 
a method for extracting  distinctive invariant features 
from images that could be used to perform reliable 
matching between different views of an object or 
scene [3]. This approach to recognition could robustly 
identified objects among clutter and occlusion while 

achieving near real-time performance. A.Fathi.et.al 
addressed the problem of learning object models from 
egocentric video of household activities, using 
extremely weak supervision [20]. By using Multiple 
Instance Learning to match object instances across 
sequences, they discovered and localized object 
occurrences. Object representations are refined 
through transduction and object level classifiers were 
trained. They demonstrated encouraging results in 
detecting novel object instances using models 
produced by weakly supervised learning. 
 
III. PROPOSED APPROACH 
 
In the area of intelligent systems, object detection 
which is the task for searching and localizing objects 
in a scene is deliberated as prime feature for activity 
recognition. This fact has driven unique research in 
this field and as a result several algorithms have been 
proposed in last two decades. The performance of all 
these algorithms has been promising up to some 
extent but the global acceptance of a single algorithm 
is still debatable. In our proposed method, we 
postulate that during a fixation, before recognizing 
any object human eye first of all segments that object 
out of that image in lieu of segmenting the entire 
image at once. So, we perform region based 
segmentation with the help of fixated points. Limited 
information can be understood as the very small size 
of object and occlusion. To tackle these problems, 
Mae et al. resorted on a local feature matching 
algorithm which uses local geometry consistency for 
detection task. This approach uses SIFT for feature 
extraction and matches with those of reference image. 
To meet the expectations and initiate further research 
in this field, this system proposes an object detection 
algorithm based on SURF algorithm assisted by 
fixation based segmentation.   Dealing with real-life 
situations, due to perspective changes, various types 
of geometrical deformations are introduced in our 
image. 
 
Proposed Method 
The proposed system is based on fixation based 
segmentation and SURF algorithm along with SVM 
mechanism. Fixation based segmentation strategy is 
used to segregate objects in an image. Here, 
segregation of objects means identification of 
boundaries of objects contained in the given Frame 
(image). Secluded objects from the given image are 
given as input to SURF which extracts all the feature 
points from every object. These feature points are 
compared with the existing data in the database which 
has been constructed in training process. SVM 
algorithm compares extracted features of objects with 
database and the trained object features stored in 
database matches at most is disclaimed as the 
detected Activity/Event. Next subsections provide a 
detailed description of every step of proposed system. 
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Figure 1: Flow diagram of  Proposed method 

 
Segmentation: Point based segmentation strategy is 
used in this scenario which has a motive of finding 
optimal closed contour surrounded by a point. 
Boundaries can either be a object boundary or a non-
object boundary. Our aim is to apply precision 
techniques to filter out the non-object boundary. The 
process of segmentation involved here includes 
generation of a probabilistic boundary edge map, 
using the values based on color, texture and intensity. 
The boundary ownership are calculated for the pixels 
by which, we can differentiate between objects and 
non-objects. 
The points which are present within the range of 
object boundaries are selected and closed contours 
are drawn around those points. All generated contours 
are refined to get the exact boundary of objects.  
 
IV. FEATURE EXTRACTION 
 
SURF (Speeded-Up Robust Features) is scale and 
rotation-invariant interest point detector and 
descriptor. The merits of using SURF is that skew, 
scaling and perspective effects are covered to some 
extent due to the overall robustness of the descriptor. 
SURF mainly finds its application in finding 
resemblance between two images of the same object. 
Before we delve into our proposed method, we first 
need to understand the key steps involved in SURF 
algorithm. SURF algorithm consists of these 
following steps: 1) detection of Interest key point; 2) 
estimation of a feature vector (descriptor); 3) 
matching between images of the given object. Interest 
point detection aims at finding the geometrically rich 
relevant feature points from the image of the object in 
order to extract valuable information from the image. 
The extracted information is fed to the descriptor 
which systems with the help of Hessian-Laplace 
matrix detectors. 
 
Training: Training phase starts with taking different 
pictures of events with several perspectives. Each 
clicked image is fed to SURF for feature extraction. 
SVM machine learning algorithm is fed these feature 
descriptors which labels these descriptors with the 
name of training object.[25] 
 
Matching Mechanism: For the recognition task, 
SVMs map instances to a higher dimensional space, 

figure 3.2, where a maximal margin separation can be 
found for a linear discriminative classifier[13]. This is 
in accordance with Cover’s theorem which states that 
"A complex pattern-classification problem, cast in a 
high-dimensional space nonlinearly, is more likely to 
be linearly separable than in a low-dimensional space, 
provided that the space is not closely populated." 
 

 
Figure 2: Support Vector Machine 

 
V. SYSTEM DESIGN & IMPLEMENTATION 
 
Interested point features used for activity recognition, 
our features are capable of capturing the semantics of 
interactions in the scene. Here we explain the set of 
object and hand interaction features used in our work. 

  
 Object Frequency (f1): contains the histogram 

of object labels (upper limb and background 
labels are included as well). 

 Object Optical Flow (f2): we compute the 
average optical flow vector for every region. 
The vector of each region is discretized based 
on its orientation and magnitude. 

 Object Relative Location (f3): we build an 
adjacency matrix for the regions. We quantize 
the relative location of the center of adjacent 
regions into bins. For every pair of object 
classes we compute the histogram of their 
relative location bins in the interval. We 
reduce the dimension using PCA. 

 Object Classification Score (f4): sum of the 
classification scores for the regions assigned to 
each object type are concatenated to build this 
feature vector. 

 Object Pose (f5): for each region we compute 
the pose based on its shape. We build a shape 
descriptor as a set of annular sections (similar 
to shape context). 

 
These important feature extraction and recognition 
consist of five major components, these are the    
 

i. Video to Frame Conversion , 
ii. Key Points Detection , 
iii. SURF Analysis 
iv. Codebook (Vector Quantization) generation  
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v. Activity recognition  
 
Block diagram of our proposed approach is given in 
Figure 3, 

 
Figure 3: Block Diagram of the proposed model 

 
Video to frame conversion: It is Initial stage of our 
implementation, in this stage we takes egocentric 
activity videos from egocentric database. Those 
videos converted into set of frames rate. We are using 
240×240, 320×240, 480×360, 1280×720 kind of size 
videos. Those videos are converted into frames, 
Frame rate is expressed in frames per second (FPS) 
using the video to jpg converter software. At each 
second we have taken one frame.  We have extracted 
900 frames in a single video data set from the 
software. Later it will be resized into 512×512 pixel 
size.  
 
Key point’s detection: After getting frames, select a 
set of keypoints in an image plane by considering 
their strength using the SURF Features. Detect 300 
key points in an image, all the key points in the set 
are sorted with decreasing strength, (strength means 
radius of image plane) and iterated over each 
keypoint  from the highest to the lowest strength. In 
each iteration, the keypoints which are within a radius 
of the image plane, SURF uses a blob detector based 
on the Hessian matrix to find points of interest.     

  
    
VI. EXPRIMENTAL RESULT & ANALYSIS 
 
Using SURF Features, we have selected 300 key 
points using trial & error method [6]. The accuracy 
and key point selection is given in table 5.1. When we 
increase the key points more than 300 the accuracy 
will be decreased. So we choose 300 key points for 
our work. 

 
Table 1: Accuracy of key points in an image plane. 

CONCLUSION 
 
This paper is based on the developed system which is 
capable of detecting the activity of a human from an 
image, an object from an image and the combined 
activity of human using the object. With the easy to 
use GUI all the detections can be accessed easily 
even by a non-technical person. The existing 
system/works  uses Naive Bayes, Ada Boost and k-
NN and neural network for recognition purpose. 
Whereas the algorithms used for human and object 
detection which are HOG and SURF with SVM 
respectively are efficient enough with 89 percentage 
for higher speed of execution and efficient detection. 
The system can be implemented for video in future as 
well as for low light conditions. 
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