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ABSTRACT 
One very important challenge in the field of Computer Vision and Machine Learning is the implementation of a 

system that can learn in the same way as a human can learn. In particular, in the current state-of-the art object 

recognition systems, it is highly desirable to detect as much object as possible with as much as possible good 

accuracy along with the ability to learn new objects and it add to their understanding.  Although a significant 

number of Object Recognition systems have been developed and implemented, triggering very accurate results, 

the vast majority of them cannot add new object to their understanding; this is mainly due to the fact that more 

emphasis is given to the accuracy of recognition than to the fact that even humans are not hundred per cent 

accurate, rather the focus should be on increasing the number of objects a system can recognise with a 

satisfactory accuracy. In this paper, we present a novel object recognition system using SIFT descriptors, SVM 

for classification a Google Images Search. Our main focus was to recognize new images that the user 

downloads along with maintaining satisfactory accuracy and speed of. Object recognition.  Our Object 

Recognition system download new images according to user learn them and save them for future use and 

recognition. Our novel system also maintains a cache of the feature tables, thus increasing the speed of 

recognition after first processing by manifolds. This is, to our knowledge, the first system that dynamically 

learns new objects using internet and thus adding it to its memory. 

KEYWORDS: Computer Vision, Machine Learning, Object Recognition, SIFT, SVM, Google Image Search, 

feature table, cache.   

I. INTRODUCTION 

We want to build a vision system that can download new images and learn those images, thus 

recognizing that same object from a dataset. This problem is very difficult and largely unsolved. The 

current paradigm is to collect a large training set of images of a desirable image category; training a 

classifier, on them and then evaluating it on novel images, possibly of more challenging nature. The 

assumption is that training is a hard task that only needs to be performed once; hence the allocation of 

human resources to collecting a training set is justifiable. However, a constraint to current progress is 

the effort in obtaining large enough training sets of all the objects we wish to recognize. This effort 

varies with the size of the training set required, and the level of supervision required for each image. 

The paper first goes through the basic approach for learning any object, explaining the required 

background and the algorithms that are used in our learning system. Then it explains the 

implementation detail, telling how we have implemented our system in a outline. Latter we have 

shown our experiments and some results that are approximately the worst and the bases cases. In the 

end we have we have discussed the final result of our experiment and the potential future of our work. 
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II. APPROACH 

Our approach is to download the images of a particular object using Google Image Search, using 

SIFT[10] feature detector to obtain features of those images, training a classifier for images using 

SVM classifier and classify the test images and assess the performance using observation data set 

containing random images[1][2][3]. There is a plenty supply of images available at the typing of 

single word using Internet image search engines such as Google. With increased quality of search 

results given by Google, images obtained using Google search engine are almost like pure training 

images: as many as 90% of the returned images may be visually related to the intended category. 

However the number of objects in the image is unknown and variable, and the pose (visual aspect) 

and the scale are uncontrolled. However, if one can succeed in learning using these images, the 

reward is tremendous: it enable us to automatically learn a classifier for whatever visual category we 

wish. Using this we can download more images with different increasing possible categories thus 

making this learning system as close as human in recognizing different objects 
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Figure 1: A summary of our approach. 

 

Figure 2: Images returned from Google’s image search using the keywork “plane” . This is a representative 

sample for our training data. Note the large proportion of visually related images and the wide pose variation. 

To further understand our approach we should review the SIFT for feature detection and SVM as a 

classifier. 
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2.1 SIFT (Scale Invariant Feature Transform) 

A SIFT[10] feature is a selected image region (also called key point) with an associated descriptor. 

Key points are extracted by the SIFT detector and their descriptors are computed by the SIFT 

descriptor. It is also common to use independently the SIFT detector (i.e. computing the key points 

without descriptors) or the SIFT descriptor (i.e. computing descriptors of custom key points). 
2.1.1 SIFT detector 

A SIFT key point is a circular image region with an orientation. It is described by a geometric frame 

of four parameters: the key point centre coordinates x and y, its scale (the radius of the region), and its 

orientation (an angle expressed in radians). The SIFT detector uses as key points image structures 

which resemble “blobs”. By searching for blobs at multiple scales and positions, the SIFT detector is 

invariant (or, more accurately, covariant) to translation, rotations, and re scaling of the image. 
The key point orientation is also determined from the local image appearance and is covariant to 

image rotations. Depending on the symmetry of the key point appearance, determining the orientation 

can be ambiguous. In this case, the SIFT detectors returns a list of up to four possible orientations, 

constructing up to four frames (differing only by their orientation) for each detected image blob. 
There are several parameters that influence the detection of SIFT key points. First, searching key 

points at multiple scales is obtained by constructing a so-called “Gaussian scale space”. The scale 

space is just a collection of images obtained by progressively smoothing the input image, which is 

analogous to gradually reducing the image resolution. Conventionally, the smoothing level is called 

scale of the image. 
2.1.2 SIFT Descriptor 

A SIFT descriptor[9][11] is a 3-D spatial histogram of the image gradients in characterizing the 

appearance of a key point. The gradient at each pixel is regarded as a sample of a three-dimensional 

elementary feature vector, formed by the pixel location and the gradient orientation. Samples are 

weighed by the gradient norm and accumulated in a 3-D histogram h, which (up to normalization and 

clamping) forms the SIFT descriptor of the region. An additional Gaussian weighting function is 

applied to give less importance to gradients farther away from the key point centre. Orientations are 

quantized into eight bins and the spatial coordinates into four each, as follows: 

 

Figure 3: The SIFT descriptor is a spatial histogram of the image gradient. 

 

Figure 4: showing the SIFT descriptors to extract visual vocabulary and converting it into spatial histograms. 
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2.2 SVM 

In our system we have used linear SVM[4]. Let x∈𝑅𝑑  be a vector representing, for example, an 

image, an audio track, or a fragment of text. Our goal is to design a classifier, i.e. a function that 

associates to each vector x a positive or negative label based on a desired criterion, for example the 

fact that the image contains or not a cat, that the audio track contains or not English speech, or that the 

text is or not a scientific paper.  

The vector x is classified by looking at the sign of a linear scoring function ⟨x,w⟩. The goal of 

learning is to estimate the parameter w∈𝑅𝑑 in such a way that the score is positive if the vector x 

belongs to the positive class and negative otherwise. In fact, in the standard SVM formulation the the 

goal is to have a score of at least 1 in the first case, and of at most -1 in the second one, imposing a 

margin. 

The parameter w is estimated or learned by fitting the scoring function to a training set of n example 

pairs (𝒙𝒊 ,𝒚𝒊),i=1,…,n. Here 𝒚𝒊∈{−1,1} are the ground truth labels of the corresponding example 

vectors. The fit quality is measured by a loss function which, in standard SVMs, is the hinge loss: 

 

ℓi(⟨w,x⟩)=max{0,1−𝒚𝒊⟨w,x⟩} (1) 

Note that the hinge loss is zero only if the score ⟨w,x⟩ is at least 1 or at most -1, depending on the 

label 𝒚𝒊.  
Fitting the training data is usually insufficient. In order for the scoring function generalize to future 

data as well, it is usually preferable to trade off the fitting accuracy with the regularity of the learned 

scoring function ⟨x,w⟩. Regularity in the standard formulation is measured by the norm of the 

parameter vector∥ 𝒘 ∥𝟐. Averaging the loss on all training samples and adding to it the regularized 

weighed by a parameter λ yields the regularized loss objective. 

E(w)=
𝝀

𝟐
∥ 𝒘 ∥𝟐+

𝟏

𝒏
 ∑ 𝒎𝒂𝒙{𝟎, 𝟏 − 𝒚𝒊⟨𝒘, 𝒙⟩}𝒏

𝒊=𝟏  (2) 

Note that this objective function is convex, so that there exists a single global optimum. 

The scoring function ⟨x,w⟩ considered so far has been linear and unbiased. Adding a bias discusses 

how a bias term can be added to the SVM and Non-linear SVMs and feature maps shows how non-

linear SVMs can be reduced to the linear case by computing suitable feature maps.  

III. IMPLEMENTATION DETAILS 

3.1 Dataset 

The experiments used 101 different object categories, from Caltech datasets[8] and we divided these 

into two datasets. The datasets were as follows: 
3.1.1 Prepared training set 
Manually gathered images from Caltech 101[8] image set were used. 
3.1.2 Prepared test set 
Manual gathered dataset of random images was used. To test the different between the training 

images and downloaded images. 
3.1.3 Raw images downloaded using Google Image Search: 
A set of definite number of images that is downloaded automatically by program using Google image 

search API. It returned the top images by the Google image search result.  

3.2 Image Preparation 

Images in form of spatial histogram were extracted using SIFT descriptor. A cache memory is 

maintained after processing of each training images, testing images and automatically downloaded 

Google images. This cache memory helps when the images are altered: If a new image is added its 

histogram file is made in the cache. This provide very fast information retrieval when the system is 

again started or object recognition is repeated as for the first time it takes a lot of time to process each 

image using SIFT.  
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3.3 Google Search downloader 

Using Google Image Search API, images are downloaded. The user gives the program the name of the 

image he wants to download and also the number of images. The program then using Google Image 

Search downloads top images that appear in the Google Image Search. Thus storing them in system 

memory for processing. 

 3.4 Classifier 

Linear SVM is used as a final classifier. Which is used to learn the images that are downloaded using 

Google Search downloader? SVM classify these images, thus adding these to the memory of 

application. The histograms are treated as representing each image as vectors normalized to unit 

Euclidean norm. VLfeat [5] library is used to implement linear SVM classifier. 

3.5. Assessing the performance 

We will measure the retrieval performance quantitatively by computing a Precision-Recall curve. 

 

Figure 5: Demonstration of Precision Curve 

The Precision-Recall curve is computed by varying the threshold on the classifier (from high to low) 

and plotting the values of precision against recall for each threshold value. In order to assess the 

retrieval performance by a single number (rather than a curve), the Average Precision (AP, the area 

under the curve) is often computed. 

IV. EXPERIMENTS 

Experiments were performed on several images of different category. First results using Google 

image search was done on simple and distinguishable images set like car, brain, airplane, and bike. 

Second result was using a little difficult to guess images like horse, buffalo, dog. The accuracy in the 

first case was really good as the structure of these objects is totally different. But, in the second case 

the accuracy was a little low because of animals with four legs like dog, buffalo, goat, have almost the 

same structure. These images were also added to the system by making a folder representing the name 

of the object. Thus it helped us to increase the number of objects the system can recognize by adding 

new objects to its memory. Due to usage of cache for storing spatial histograms of each images after 

the first run, the object recognition was done is no time when we again ran the system thus making it 

to recognize more objects along with good speed of processing for the future usage of images.  

V. RESULTS 

5.1 Objects with unique shape 

Objects with unique shape like brain can easily be distinguished from other objects. The result of the 

object recognition using training images and automatically downloaded images were almost the same. 

The image below shows the output of the test images using Google Image Search downloaded images 

of brain. 
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Figure 6: the output images using Google Image Search downloaded images as training data set. The number 

shows the correlation between the training images and tested images. 

 

Figure 7: the curve of the output images. This shows that the accuracy of brain as an object recognition is 

85.86%, which is pretty good. 

5.2 Objects with common type shape 

Objects with common shape like horses are not easily are distinguished from other objects. As a result 

the images that are returned by Google Image Search are not that close to the original object. Thus the 

accuracy of the object recognition decreases, but that is the case with us humans also: we fail to 

distinguish sometimes from a horse to a buffalo. Below, first is the result of using a data set from Cal. 

Tech. to train images and another is images data set obtained using Google Image Search. The 

accuracy in using   the figures 8, 9, 10, 11, clearly shows the difference between two ways. 



International Journal of Advances in Engineering & Technology, Jan. 2014. 

©IJAET                                                                                                          ISSN: 22311963 

2631 Vol. 6, Issue 6, pp. 2625-2634  
 

 

Figure 8: The output images using already existing horses’ dataset from Caltech as a training dataset. 

 

Figure 9: the curve of the output images. This shows that the accuracy of horse as an object recognition is 

88.11%, which is expected for predefined training set of images. 
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Figure 10: the output images using Google Image Search downloaded images as training data set. This clearly 

shows the difference in recognition using already existing training set and recognition using Google Image 

Search. The system recognized buffalo and even dog as horse. 

 

Figure 11:  the curve of the output images. This shows that the accuracy of brain as an object recognition is 

56.73%, which is not good enough, but resembles the nature of human in error. 

VI. CONCLUSIONS 

We have proposed a method, of training using the object name and number of images that we require 

to download with an image search engine like Google. We used Vlfeat[5] library for using their 

highly optimized SIFT and SVM algorithms. We ran our test on approximately 10000 images and we 
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used our system for recognition of 100 different objects using its own downloaded images. Our 

system was able to recognize successfully all of these 100 objects. The accuracy of object recognition 

depends on the particular shape of the object and also the number of object having the same shape as 

that object. For the objects having unique shape like aeroplane, helicopter, brain, etc. the accuracy of 

the recognition was ranging from 80%-92%, and for the objects not having unique shape like horse, 

dog, buffalo, etc. the accuracy of the recognition was ranging from 45%-70%. The training quality 

depends on the Image Search Engine. As Google is continuously working on increasing the quality of 

result in image search, the accuracy of system to recognize and learn new objects will increase. 

However there are many open issues: the choice the choice of features, the use of fixed background 

densities to assist learning leads to the reduction of noise in many images.   

VII. FUTURE WORK 

As we can see that our object recognition system is like a new child that tries to learn new objects by 

understanding the shape and features of many images  of the same type, the accuracy is only better 

than average when we make the system to recognize an image from other images having same shape 

and features. We are currently working on increasing this accuracy when similar types of objects are 

difficult to differentiate. Our future work will be to make this system more like a grown up human 

being, which will be able to recognize objects with similar features and shapes using images that are 

available on internet. Moreover, this future system will be able to learn new objects without even 

taking input from user. It will be able to keep learning new objects and increase the number of objects 

it can recognize without any bound just like us, humans. We are working on deep learning for our 

future project[6][7]. 
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