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Abstract:  

In categorized objects the segmentation of addresses the issue of joint segmentation of a single category of object across a 

collection of images, these are referred to objects in the same category. In the existing methods of segmentation of categorized 

objects made the suspicion that all images in the given . Therefore we propose a method for automatic segmentation and 

recognition of categorized objects from noisy Web image co llect ions. This is obtained by co training an automatic object 

segmentation algorithm that operates directly on a collection of images, and an object category recognition algorithm that identifies 

which images contain the target object. The object segmentation algorithm is trained on a subset of images from the given ima ge 

collection, which  are recognized to contain the target object with h igh confidence, whereas training the object category recognition 

model is guided by the intermediate segmentation results obtained from the object segmentation algorithm. This way, our co 

training algorithm automat ically identifies the set of true positives in the noisy Web image collect ion, and simultaneously extracts 

the target objects from all the identified images.  

 

INTRODUCTION: 

Object recognition is the task of finding and 

identifying objects in an image or video sequence. Humans 

recognize a mult itude of objects in images with little effort, 

despite the fact that the image of the objects may vary 

somewhat in d ifferent viewpoints, in many different sizes 

and scales or even when they are translated or rotated. 

Objects can even be recognized when  they are partially 

obstructed from view. Algorithmic description of this task 

for implementation on machines has been very difficu lt. 

The object recognition problem can be defined as a labeling 

problem based on models of known objects. Formally, 

given an image containing one or more objects of interest 

(and background) and a set of labels corresponding to a set 

of models known to the system, the system should assign 

correct labels to reg ions, or a set of regions, in  the image. 

The object recognition problem is closely tied to the 

segmentation problem. Without at least a partial recognition 

of objects, segmentation cannot be done, and without 

segmentation, object recognition is not possible. 

Local features are usually on the boundary of an 

object or represent a distinguishable small area of a region. 

Curvature and related properties are commonly used as 

local features. The curvature may be the curvature on a 

boundary or may  be computed on a surface. The surface 

may be an intensity surface or a surface in 2.5-dimensional 

space. High curvature points are commonly called corners 

and play an important role in object recognition. Local 

features can contain a specific shape of a small boundary 

segment or a surface patch. Some commonly used local 

features are curvature, boundary segments, and corners. 

Relational features are based on the relative positions of 

different entities, regions, closed contours, or local features. 

These features usually include d istance between features 

and relative orientation measurements. These features are 

very useful in defining composite objects using many 

regions or local features in images. In most cases, the 

relative position of entit ies is what defines objects. The 

exact same feature, in slightly different  relationships,  may  

represent  entirely  different  objects.  However,  

Internet image co llect ions, such as the ones returned by 

image search engines for a given user query, are 

significantly larger and more diverse (Figure 1(a)). Not only 

do the objects in images downloaded from the Internet 

exhibit d rastically d ifferent style, color, texture, shape, 

pose, size, location and view- point; but such image 

collections also contain many noise images—images which 

do not contain the object of interest at all. These challenges, 

as we demonstrate, pose great difficulties on existing co-

segmentation techniques.  In part icular, most co-

segmentation methods assume every image contains the 

object of interest, and hence are unable to handle datas et 

noise. 

 

Figure1.1 one of these things is not like the others. An 

illustration of joint  object discovery and segmentation by 

algorithm on two small datasets of five images each. The 

images are shown at the top row, with two images common 

to  the  two  datasets  –  the  face  and  horse  images  in  

columns  1  and     2, respectively. Left: when adding to the 

two common images three images containing horses 

(columns 3 � 5),the algorithm successfully identifies horse 

as  the  common  object  and  face  as  ―noise‖ ,  resulting  in  

the  horses  being labeled as foreground and the face being 

labeled as background (bottom row). Right: when adding to 

the two common images  three  images containing faces,  

face  is  now  recognized  as  common  and  horse  as   noise 

and the algorithm labels the faces as foreground and the 
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horse as background. For each dataset, the second row 

shows  the  saliency  maps, colored from black (less salient) 

to white (more salient); the third row shows the 

correspondences between images, illustrated by warping the 

nearest neighbor image  to  the source  image;  and  the  

fourth  row  shows  the matching  scores  based  on  the 

correspondences,   colored   from  b lack (worse  matching)  

to  white  (better  matching). 

 RELATED WORKS 

In this section, we review related work in cleansing Web 

images, segmentation of categorized objects, object category 

recognition, and joint segmentation and recognition. 

 Cleansing Web Images 

There is considerable previous work on cleansing image sets 

from the raw output of image search engines, either in an  

interactive  fashion or in an automat ic way. Their main goal 

is to gather a large number of high quality images of a 

specified object category from the Web for visual concept 

learning by removing irrelevant images from image search 

results. The interactive methods acceptable of building large 

collections of images with ground truth labels, but they 

depend heavily on human efforts. Most of the automatic 

methods leverage an object category model t rained on text  

and/or visual features to distinguish images with high  

confidence from outliers. In a scheme named ARTEMIS was 

proposed to enhance automatic selection of train ing images 

from noisy user-tagged Web images using an instance-

weighted mixture modeling frame work. Compared to the 

above methods, here approach is fu lly  automatic without any 

user intervention, and its benefits are two-fold: 

1) We first employ both text-based and visual based image 

filtering to remove the illustration images, which have obvious 

differences with  the images of the target  object category in  

terms of text  and visual features. 

2) We then remove the remaining difficult outliers by an 

object category model, which is trained on the categorized 

image collection and its segmentations. Moreover, the object 

category model is updated and strengthened with the 

expansion of the categorized image co llection.  

Segmentation of Categorized Objects 

A number of approaches recently have focused on 

simultaneous segmentation of categorized objects from a set 

of images, through either supervised learning or unsupervised 

learning. Most of them model the appearance cues and/or the 

object shape or subspace structure across the image set. The 

supervised methods estimated appearance models for 

foreground object through labeled pixels obtained fro m user 

interactions. In unsupervised methods, the aim is  to 

automatically segment the different instances of an object 

from a  set of images. Among the unsupervised methods, the 

style of alternating between learning  a categorized  object 

model and joint ly extracting the target categorized objects in 

all images is closest to  our work. 

 Category Recognition 

The goal of image category recognition is to p redict whether 

an image belongs to a certain category. There are a number of 

recent works on category recognition using various models, 

such as part- based models and bag-of-words mod. It is out of 

the scope of the paper to discuss all of them. A lot of methods 

based on bag-of-words model have shown impressive results 

on image recognition in  many settings and provide several 

advantages over traditional approaches of matching local 

features. Such models are efficient due to the structure free 

representation of images and objects with dense patches. 

Hence, due to its simplicity and efficacy, in our case of jo int 

segmentation and recognition of categorized objects from 

noisy Web image collections, the bag-of-words model is 

selected as our object category model to recognize categorized 

images from noisy Web images. It is trained using histogram 

intersection kernel SVM due to its success in recognition. 

Joint Segmentation and Recognition 

Joint segmentation and recognition of a categorized object  

from  a single image or an image collection has been 

extensively studied in recent years. They either require a 

large number o f labeled examples to train a generative model 

by jointly modeling shape and texture for automatic object  

recognition and segmentation, or resort to  integrating  

multip le segmentations or regions of similar appearances to 

achieve robust object recognition and segmentation. In 

contrast, our approach works in a weakly supervised fashion 

without the need of using manually  labeled data, while using 

the labeled data produced from the execution of our 

approach. 

 

PROPOS ED METHOD 

we first pre-filter  the noisy Web images obtained from the 

Internet through image search engines  to  build   a   candidate  

Web  image  collection  of  the  target   visual concept, and 

also obtain a rejected image set with outlier images which 

are not associated with the target concept. Due to the fact 

that the top ranked first several dozens of images in the 

candidate Web image collection are almost always in the 

same category, we in itialize the categorized image collection 

with these images. We then joint ly ext ract the categorized 

objects from the categorized image co llect ion, learn an 

object segmentation model with an embedded auto-context 

model from all these images and learn an object category 

model based on all segmented images, by progressively 

expanding the categorized image collection with images 

from the candidate Web image collection. To  proceed, we 

pick several new images from the rest of the candidate Web 

image co llection, and use our learned object  category  

classifier to recognize them. We reject the outlier images 

which are predicted to be negative with high confidence and 

add them to the rejected image set; accept the images 

predicted to be positive with high confidence from the object 

category model and add them to the categorized image 

collection. We then joint ly extract the objects from all 

images in the augmented image collection, and incrementally 

update the object segmentation model with the embedded 

auto-context model, and the object category model. This 

process alternates between segmenting the collected 

categorized images and recognizing new categorized images 

from the rest of the candidate  Web image collection, until 

we cannot find any more positive images from the candidate 

Web image collect ion. Finally, we can obtain a categorized 

image collect ion  and  its  segmentations,  an  object  

segmentation  model  with   an embedded auto-context 

model which  can help  extract  the categorized objects, and an 

object category model of the target object concept which can 

be used to identify new images in the target category and 

reject those are not. 
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Fig 2: proposed 

Pre-Filtering the Noisy Web Image Collection 

The noisy Web images obtained through an Internet search 

often contain some illustration images, such as pencil, 

drawing, sketch, tattoo, symbol images, etc., and most of 

them are characterized by a keyword in the accompanying 

captions or a distinctive intensity distribution. Thus,  we 

leverage both text-based and visual-based image filtering to 

remove the corresponding illustration images. For the text-

based filtering, we process the captions to remove stop 

words and stem the remaining words using Porter s temmer. 

 

Fig.4.1 Comparison of intensity histograms between a 

natural image 

 

Categorized Images Recognition 

 

 

 
Fig.4.4. the training process of the object category model.  

 

We then compute them histogram of v isual words from 

each image Ik , each object extracted from image Ik , each 

background extracted from image Ik , and each noisy image 

Ri, respectively. Each histogram can be regarded as a 

representation for the corresponding 

image/object/background. The histograms of all images in 

the collection I and all objects extracted from the collect ion 

I are treated as positive training examples; while the 

histograms of all backgrounds extracted from the collect ion 

I and all noisy images of the rejected image set R are treated 

as negative training examples. Finally, an object category 

classifier is trained on the histograms for the target category 

using a histogram intersection kernel SVM (HIKSVM) 

.Note that we use the histograms of the ob jects segmented 

from the categorized image collection I and all images in 

the categorized image collection I, instead of only  the 

histograms of all images in  the categorized image co llect ion 

I, as positive training examples; and we use the histograms 

of the backgrounds segmented from the categorized image 

collection I and all noisy images of the rejected image set R, 

instead of only the histograms of all noisy images of the 

rejected image set R, as negative train ing examples. Th is 

way, the positive and negative training examples are both 

more representative and the differences between the 

proportions of the positive and negative training examples 

to all the training examples can be smaller. The reasons are 

that 

 

1)The objects extracted from the categorized image 

collection are almost always on the ground truth 

segmentation foregrounds. 

 

2)The backgrounds extracted from the categorized image 

collection are almost always not on the ground truth 

foregrounds. 

 

3)The images of the categorized image collect ion indeed 

contain the target objects and thus can provide obvious 

distinction from the outliers although they are surrounded by 

the backgrounds. 

 

4)The vast majority of the noisy images of the rejected image 

set are outlier images. 
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Fig.4.5. The testing process of the object category model 

RES ULTS; 

In this section, we present the experimental results 

. We start by the evaluation of our object segmentation 

algorithm on three segmentation benchmarks in Section V-

A. Our 30-categories image dataset is introduced in Section 

V-B. We proceed to discuss the implementation details  of 

our approach in Section V-C, the evaluation of pre-filtering 

the noisy Web images in Section V-D, and the evaluation of 

our approach on the 30- categories of noisy Web image 

collections in Sect ion V-E. 

Evaluation of Object Segmentation Algorithm 

Before testing our full approach on the task of joint 

extraction and recognition of categorized objects from noisy 

Web image collections, we first evaluate our object 

segmentation algorithm on the Weizmann horse dataset, 

MSRC dataset [10] and iCoseg dataset. 

5.1.1Evaluation on Weizmann Horse Dataset: 

 

 

It also gives the numbers of categories for which 

the recall are greater than 60%, 70%, 80% and 90% for 

the candidate Web image collection and the categorized 

image collection, respectively 

 

 

 

 
Figure5.14. Overview of our method 
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Comparison   with   other   methods   in   standard   image 

database 

CONCLUS ION: 

Object recognition has been one of the most 

important topics in image processing. In one form or 

another, it has attracted significant attention. Many 

approaches have been developed for object segmentation 

and recognition of categorized images. Automatically 

extracting and recognizing categorized objects from noisy 

Web image collections is a difficult task. Auto-Context 

model is able to automat ically ext ract the object of interest 

from its background without any user intervention. 

We implemented a combined sparse based and 

saliency based segmentation approach to enhance the 

quality of segmentation. As the quality of s egmentation is 

increased the recognition results also increased. Even if the 

image is noisy our algorithm take care of the noise to a 

great extend as compared to other methods and will give a 

better result. 

We demonstrated improvement over existing co-

segmentation techniques on standard co-segmentation 

datasets and several challenging  Internet datasets. The 

process is iterative; this will result a t ime consuming 

process but better result. 
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