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ABSTRACT 
The increasing use of mobile applications used on smart phones has given rise to the need of mobile based application on a large 

scale. There are various methods which can be used for mobile based visual search. Various methods such as Bag of Hash bits, 

Edge-SIFT, Interactive Multimodal Visual Search and Compact Global Signatures are discussed in this paper. These methods use 

different inputs as query such as text, audio and images well as in combination of these. There are many issues as well as benefits 

which are faced while visual search on mobile are discussed in this paper. 
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INTRODUCTION 
 

Visual search is an interesting topic in recent days. Traditional desktop based visual search systems with 
text queries have been used for more than a decade. With the increase in the number of people using cell phones 
the need for mobile based applications has increased. The search over mobile device is much personal as 
compared to search done over the desktop. Example includes landmark recognition [1], product recognition [2], 
artwork recognition [3] and video recognition [4]. For example a user searches a nearby restaurant or ATM. At 
the same time there is lot of differences regarding the user interface and input methods. On desktop, keyboards 
and mouse are the main input devices while mobile devices have touch screen, camera, microphones and GPS. 
These various input sources can be explored. User can use text as input by using keywords describing the 
desired image or by uploading an example of image which is to be retrieved. The second method which is 
known as content based image retrieval (CBIR). This method is broadly researched over desktop. The visual 
search over mobile can be enhanced by using example image as input query. In text based image retrieval, the 
user has types keywords related to the image retrieved. This responsibility of describing the words solely lies on 
the user. The language dependence also restricts the user. Most of the time the user’s intention is not exactly 
known by the server. The speech-to-text method is also been used. Even though this gives 98% accuracy in 
quite environment it fails when the environment is noisy [1]. Other factors such as language, accent etc also 
affects the speech recognition. So the system still does not give 100 % accuracy. The image search by using 
image as input which can be existing image or captured by the mobile camera can be used as an input query. 
The input image itself describes itself. Even though the user doesn’t know the words to describe the image the 
user can still retrieve image without any extra efforts. The main issue lies in extracting the features from the 
image which are to be compared to the images in the database. So each image should be stored along with the 
details of the features extracted from the images. There are a number of existing mobile based visual search 
applications such as Google “Googles”, Amazon “Snaptell”, Nokia “Point and Find” and Flipkart and eBay 
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“product search”. 
 

II. Issues of mobile based image search: 
There are many issues which have to be faced while visual search on mobile device. The display screen is 

small as compared to the desktop. The transmission cost is also more. The resolution is low. The storage 
memory as well as computation power is also low. All these factors have to be considered while developing a 
mobile based image retrieval application. But in spite of these difficulties mobile based visual search is more 
beneficial as compared to desktop based visual search. 

 
III.  Related work: 

In this paper we have studied three different methods which can be used for the mobile based visual search. 
1.Bag of Hash bits[5], 2.Edge-SIFT[6] 3.Interactive Multimodal Visual Search[7] and Compact Global 
Signatures[8]. In the BoHB method, Bag of Words has been replaced by Bag of Hash Bits. Here each feature 
which is extracted from the query image is converted to tens of hash bits using similarity preserving hashing 
function. This requires very less amount of on device memory as well as less amount of time since the data sent 
from the device to the server is also compact. It is much smaller than sending a JPEG image. In the Bag of 
Words method each image is associated with words which describe the query image. This is the main difference 
between Bag of words and Bag of Hash bits. In this method there is no difference between the sequencing of the 
words this is called as the word index. There is no significant difference between the sequencing of the words. 
Word index are just clustering of images. Hash bits make the indexing structure very flexible. [5] This makes 
matching of features and retrieval an easy task. This makes high retrieval accuracy possible while reducing the 
number of candidate results as well as the search time.[5] 
 
3.1. The method used in this approach: 

1. Compact hashing such as PCA and SPICA hashing. 
2. Building of multiple hash tables and probe multiple buckets in each hash table with a hamming 

threshold . 
3. Reuse of hash bits to reduce the size of data transmitted.  
They have also used the boundary features.  This is beneficial when it comes to identifying objects in an 

image. SURF local features have been extracted in this method.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1: Architecture of the proposed mobile product search approach based on bag of hash bits and boundary 

reranking.[5] 
 

3.2. Flow of this method: 
Extraction of local features from the query image.  
Using Hash function.  
1. Sending the Hash bits to the server.  
2. Matching with the hash bits in the database.  
3. Geometry verification with hash bits.  
4. Boundary reranking  
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5. Display the matched results if any.  
 
This method outperforms the other methods but still can fail in some scenarios such as drastic change in 

camera perspective or lighting too small image/object size, non-rigid objects, insufficient (or non-
discriminative) local features, etc.[5] Edge-SIFT[6] method is used to add to the benefits of the scale invariant 
feature transform[8]. This is mainly because histogram representation is relatively expensive to compute on 
mobile platforms and loses significant spatial clues, which are important for improving discriminative power 
and matching near-duplicate image patches [6]. In order to remove these issues, the Edge-Sift method uses a 
novel binary local descriptor named Edge-SIFT which is extracted from the binary edge maps of scale and 
orientation-normalized image patches are used. Both locations and orientations of edges and Compression of 
location, orientation and the sparse binary edge maps with a boosting strategy are carried out. The final Edge-
SIFT shows strong discriminative power with compact representation.[6] The Edge-SIFT shows superior 
retrieval accuracy as compared to Oriented BRIEF (ORB) and is superior to SIFT in the aspects of retrieval 
precision, efficiency, compactness, and transmission cost.[6] This method focuses on the development of 
effective and efficient feature extraction and matching for mobile product search. Boundary features are also 
extracted. This enables compressing the local features which reduces the amount of memory required for storage 
as well as reduces the transfer charges. Different categories of data sets have been used. The extracted features 
are matched to the top k features of the images in the database followed by reranking. Due to boundary 
reranking the result improves by 8% to 10% .[6] Boundary reranking helps to filter out noisy results  improving 
the search quality and matching the products as well. This helps best when the query product does not exists in 
the database. This approach significantly outperforms state-of-art mobile visual search methods. Even after so 
many advantages of this approach the system may fail in case of drastic change in camera perspective such as 
lighting, too small images or objects non-rigid objects, insufficient local features etc. For one local feature in the 
query image the matched ones are found out, i.e., nearest neighbour local features in the database. The product 
data sets consist of 300 −400 images, and each image has about 100−200 local features on average, so in total 
there are more than 30M local features in the database. Edge-SIFT is compact, efficient, and discriminative 
method. The retrieval system is accurate and efficient for large-scale mobile partial-duplicate image retrieval 
and patch matching.[6] Edge-SIFT can be used as a better alternative to existing descriptors for image matching, 
the basis of generating panoramic views from images, like the ones of Google Street View. It also can be used 
for efficient landmark 3D construction, which builds 3D models by collecting and matching partial-duplicate 
landmark images [9]. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2: Three modes of mobile visual search a)Voice /text-to search b) Photo-to-search c) Multimodal 
search[7] 
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In this method image as well as speech is used as input. It uses the JIGSAW method. It is designed for users 
who already have picture in their mind but do not have exact words to describe them. The image to be searched 
is first described in speech and then the exemplary images are retrieved from the database. From these images 
the user can easily find the desired image. 

� The user speaks a natural sentence to describe the intended images,  
� The speech is recognized and further decomposed into keyword(s) which can be represented by  
� exemplary images 
� The user selects preferred exemplar(s) and composes a schematic collage as a composite image,  
� The composite image is then used as a visual query to search for similar images, and  
� If possible, further information like GPS locations and image descriptions are provided to the user.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3: The user interface of JIGSAW  deployed on a Windows Phone 7 device. [7] 
 
The first step is speech recognition. The speech to text technique achieves an accuracy of 98% in quiet 

environment [10]. For example, the user says “find an iron tower on the grass,” and then the system will 
recognize “tower” and “grass.” With these two concepts, the system further refers to the Internet to understand 
what these concepts might look like. The Internet images with each keyword will be and analyzed based on their 
text information and image content. Few proper exemplary images are selected and shown to the user by 
clustering of images. A different image representation and indexing technique is used. An image is first 
segmented into small pieces. From each piece from the segmented image the colour features are extracted. 
Scale-Invariant Feature Transform (SIFT) features [6] are extracted in some regions of interest. With large 
amount of features from different pieces, a codebook is made by hierarchical clustering on extracted features. 
Each feature can be assigned to the nearest clustering centre as its code. Thus, each feature is represented as a 
word, and a bag-of-word model is made. These different words are used as a factor to calculate image similarity. 
Moreover, one million Flickr [11] images are indexed in the database so that tag, GPS location and other 
descriptions are available for the user’s further information. Multi-exemplar search methods out-performed all 
the other techniques and the system created better user experience in searching for images. The whole search 
interaction begins with the natural language understanding. In this paper, a simple entity extraction strategy is 
adopted to handle this problem. The entity extraction from speech can be divided into two steps: 1) speech 
recognition, and 2) key entity extraction. After the voice is captured by the phone, it is first sent to a commercial 
online speech recognition engine to translate the recorded audio stream into a text string. The recognized text is 
directly used as a query to search for images. Once the text is available, the core entities within the text are 
extracted. Usually, such word extraction is done by either key word extraction or meaningless word filter. These 
strategies are troublesome and uncertain. Hence is a simple way to extract only meaningful words in the 
sentence are adopted. A dictionary is automatically established according to WordNet [12], which is a famous 
published hierarchical word database that discloses the hierarchical relationships among English words. 
According to the idea behind the system, only image describing words are needed. These words are collected by 
filtering out the words with less than 100 images in ImageNet. More-over, proper nouns are kept, and a stop list 
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is also used to assist the searching process. The longest match to the entities is used for each word in the speech, 
so that multiple-word entities can be recognized. For example, “eiffel tower” and “polar bear” are phrases which 
cannot be split. Finally, when the user uses sentence “Find a image with iron tower under the grass”, the entities 
are extracted as “tower” and “grass. This method outperforms all the other methods. [7] Compared to text-based 
retrieval system the performance of this system is boosted.[7] The user’s search experience on mobile device is 
thus significantly improved by this game-like image search system. In the hybrid approach of image retrieval 
mobile visual search systems typically compare a query image against a database of annotated images for 
accurate object recognition. On-server database matching can search a large database stored on the cloud, but 
the query latency could suffer with slow network transmissions or server congestion. On device database 
matching can ensure fast recognition responses regardless of network or server conditions, but a small amount 
of memory on the mobile device can severely limit the number of images that can be stored in an on-device 
database. Taking into account these two things a new hybrid system that combines the advantages of on-device 
and on-server databas matching is introduced. A compact and discriminative global signature is first developed 
to characterize each image. The global signature uses an optimized local feature count that is derived from a 
statistical analysis of the retrieval performance. Two extensions are created that exploit color information within 
images and relationships between similar database images to improve retrieval accuracy. Methods for efficient 
inter frame coding of a sequence of global signatures are proposed which are extracted from the viewfinder 
frames on the mobile device. A low bit rate stream of global signatures is sent to the server at an uplink bit rate 
of less than 2 kbps to broaden the search range of the current query and to update the on-device database to help 
future queries. The research shows that by performing image retrieval directly on the mobile device, can achieve 
low query latencies regardless of network or server conditions. The on-device MVS system operates as (a). At 
the centre of this system is a database of global signatures stored directly in the random access memory (RAM) 
of the mobile device. Since a mobile device has limited RAM, these global signatures are compact. At the same 
time, the global signatures enable fast comparisons across a large database and reliably differentiate between 
images of many different objects. A residual enhanced visual vector (REVV) signature [13], [14], [15] is well-
suited in building a memory-efficient, low- latency, and accurate on-device MVS system. An on-device MVS 
system cannot recognize an object unless it is represented in the local database. The capabilities of on-device 
searching have been improved by this MVS system. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 4: Two different MVS system architectures. (a) On-device MVS system. (b) Hybrid MVS system [8]. 
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The on-device system is a subsystem of this hybrid system. When the image matching the query image is 
found on the device database itself the query  local database search is sufficient, the query finishes locally and 
displays the best local result. If not found the query is sent to the server where a much larger database of images 
are stored. The results found are then updated to the local database. With increase in the number of queries 
executed the local database goes on increases, increasing the number of amount of queries which finish locally. 
So the system gets better and better. The features are extracted from the RGB channels and concatenated into a 
longer-dimensional descriptor.PCA is subsequently performed in the new -dimensional feature space. In 
addition to correlations between different spatial and gradient bins in the feature descriptor, PCA can now 
additionally exploit correlations between the RGB channels. Other steps in the pipeline remain the same, except 
different codebooks and LDA eigenvectors are trained for colour REVV compared to gray scale REVV. 
Second, REVV-based retrieval is expanded to incorporate a query expansion step that does not require 
geometric verification.[8] 

 
Table 1: The comparison of the above methods have been shown  

Points Bag of Interactive Edge-SIFT Compact 
 Hash bits Multimodal System global 
  Visual  Signature 
  Search   
Mode of Image Voice and Image Image 
input  image   
Database Amazon, Flickr , Oxford Not 
used Ebay, Bing Building specified 
 Zappos    
Feature SURF, Speech EDGE-SIFT SIFT and 
Extracted central components  FREAK 
 distance and SIFT   
Compared CHoG, Speech SIFT, ORB PCA and 
algorithm BoW components  LDA 
  and SIFT   
Advantages Low Multiple Increased Reduces 
 transmission input and efficiency network 
 cost, cheap fast and dependency 
 memory, computation compactness by storing 
 computation   on device 
 on mobile   images 
 side etc    
Limitations Insufficient Surrounding Does not Requires 
 local Noise can work well in more on 
 features cause boundary device 
  incorrect less images memory 
  speech   
  recognition   
Future Exploring Improve Image patch Improve 
Work better user matching, the 
 features and experience efficient accuracy, 
 hash bits and increase landmark 3d efficiency 
  usability of construction and 
  the system  increase 
    and reduce 
    latency 

 
Conclusion: 

Here by have discussed the various methods of visual search over mobile device. The various issues and 
benefits have also been discussed. We can hereby conclude that FREAK are the most efficient features along 
with SIFT which can be extracted from the query image. Along with this the hybrid approach which enables on 
device as well as server based retrieval. This reduces the time as well as cost since if the matched image is found 
from the on device database, the query ends there. And if not found the query is then passed on to the server. 
The results are then updated in the device database. So as more and more queries are executed the queries are 
executed on the device itself. At the same time depending on the different requirements the features can vary. 
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