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Abstract

Recognizing Art Pieces in Subway Using Computer
Vision

Tengjiao Cai

We present a mobile application that automatically recognizes art pieces in the
subway. Users can take a photo of an art piece with their mobile phones, and by using
image recognition our system retrieves information about that particular art piece. By
combining the location with image data, we can delimit the dataset of photos of art
pieces to speed up the image recognition. The image recognition is based on feature
detection using SURF, and by matching feature points using kd-trees for storing the
interest points of the training data. We propose a method for selecting good training
images when creating the database. In addition, we also cluster the training interest
points by the k-means algorithm, which reduces the space of the kd-tree and increase
the matching speed. We demonstrate the effectiveness of our approach with an
application that allows users to enjoy the art pieces at different subway stations
through image recognition.
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1 Introduction 

With the industrial miniaturization of cameras and mobile devices, the generation of 

and access to digital visual information has become ubiquitous. Today, most high 

resolution cameras are sold within mobile phones such as HTC, Sony Ericsson. With 

the mobile phones we are carrying in our pockets we can today create and consume 

media, surf the web, and stay connected with friends. Thanks to widespread 

connectivity, we can upload photos to the Internet and can get back the relevant 

information. People can mix camera, GPS sensor, or accelerometers sensors within 

applications to make their lives better and more interesting. At the same time as our 

mobile devices become more powerful, more and more data and services are moving 

into the cloud to servers that are accessible through an internet connection. The 

mobile mash-ups concept provides us more advanced ways and resources to build up 

powerful applications. 

 

At the same time, the state-of-the-art algorithms for computer vision are increasingly 

powerful. Applications such as Google Goggles (www.google.com/mobile/goggles) 

can today be used to find information about ordinary objects by taking a photograph. 

As these algorithms and techniques become increasingly powerful, together with 

mobile phones, mobile connectivity, and server costs going down, the new 

applications become viable. For example, using image recognition mixed with 

location based services can bring benefits to tourists for urban detection, museum 

guide. 

 

The image recognition can not only be used at museums, urban buildings, but also can 

be deployed at other places like subway stations. Subway, is a familiar transportation 

for us nowadays, many stations are now decorated with painting arts.  

 

The Stockholm subway system in Sweden is hosting a large art exhibition. Distributed 

over 90 stations, over hundred art pieces are put on display. Although information 

about the art installations is available from a website, it is hard to find the information 

related to a particular art piece when standing in front of it. In my thesis paper we 

present an application for getting information about art pieces in the local subway 

system by taking a photo, using state-of-the-art image recognition.  

1.1 Thesis Motivation 

The actual application should be able to use in the Stockholm subway where there are 

a set of artworks. One idea is to provide easier access to information about the 

artworks that are placed in various locations around the subway system. One way 

would be to do this using QR codes or near-field communication tags. However, we 
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would like it to work without having to distribute tags to all stations. Therefore, this 

image-based system will allow users to get information about artworks in the subway 

by simply snapping a picture. These artworks should then be recognized by the phone 

when pointing it to it and fetch extra information about the art pieces. 

 

The recognition system connects the user to the arts around such as painting, sculpture 

in their daily lives. It has been a long tradition since the arts decorate Stockholm 

subway stations, and Stockholm’s subway system has 100 stations, over 90 of them 

have art, which created by more than 150 artists with the support of even more 

officials, politicians, technician, architects
1
. It’ll be a great fun that a user would like 

to know where this art piece came from if he notices a gorgeous art at some station. 

 

Figure 1 gives you a general idea about the mobile application, the practical use to 

recognize the art piece at the Stockholm subway station. 

 

Figure 1 Practial application of my thesis project, Image recognition for the artpieces at 

Stockholm subway stations 

1.2 Thesis Overview 

In section 2, some state-of-the-art methods for image recognition have been studied, 

and system architecture about image information retrieval will also be discussed. 

Section 3 shows you a basic use case scenario for using the application, together with 

introducing the techniques used in the project. The image recognition technology will 

be discussed further in section 4 and some new ideas for fast image matching 

improvements are proposed. In section 5, location based service such as 

                                                             
1
 http://sl.se/sv/Om-SL/Det-har-ar-SL/Konsten-i-trafiken/ 
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geo-coordinates from Android mobile or Ericsson labs are described, which are used 

in my thesis projects. In section 6, a high-level architecture of the image recognition 

system is showed. The experiment result is listed at section 7 and some conclusions 

and future work is written in section 8 and 9. 
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2 Related Work 

The image recognition has developed very fast in recent years and there are many 

different ways to achieve it. 

2.1 Algorithm 

Markus [1] propose two new color indexing techniques, which can be used to 

compare different images by color. The similarity function that is used for retrieval is 

a weight sum of the absolute differences between corresponding moments. However, 

due to the illumination changing and occlusion objects in different scenarios, using 

the color method for image recognition will sometimes return non-optimal result. 

 

XU Sheng, PENG Qi-cong [2] show a solution for 3D Object Recognition using the 

Neural Network while M.H. Yang, D. Roth and N. Ahuja [3] describe a novel 

algorithm called SNoW-based method that outperforms the SVM-based system in 

terms of recognition rate and the computational cost involved in learning. These 

methods can be used for category recognition. 

 

[17] gives us a general idea for Content-Based Image Retrieval (CBIR) techniques 

combined with position information. They used bi-dimensional Wavelet and represent 

each image with 36 elements feature vector. A cosine similarity formula is then 

computed to retrieve the information of the best Point of Interest. 

 

Gerald Fritz [20] proposed the statistical Informative Features Approach for 

recognition by using local density estimations to determine the posterior entropy, 

making local information content explicit with respect to object discrimination. The 

method potential for applications such as in rapid and robust video analysis as the 

authors suggested. 

 

Few years ago, two new Object interest points detection algorithm are implemented, 

SIFT [6] (Scale-Invariant Feature Transform) and SURF[5] (Speeded Up Robust 

Features).  

 

SIFT descriptors are 128 dimensions and are invariant to image scale and rotation, 

providing a robust matching across a substantial range of affine distortion, change in 

3D viewpoint, addition of noise, and change in illumination. 

 

In 2005, K. Mikolajczyk and C. Schmid [7] compared different methods for local 

descriptors such as steerable filters [8], PCA-SIFT [9], and make the conclusion that 

the SIFT-based descriptors perform best. 
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SURF [5, 11] is also a robust image detector and descriptor, first presented by Herbert 

Bay et al. in 2006, that can be used in computer vision tasks like object 

recognition or 3D reconstruction. It is partly inspired by the SIFT descriptor. SURF is 

based on sums of approximated 2D Haar wavelet responses and makes an efficient 

use of integral images [10]. According to SURF authors, the SURF descriptor has a 

lower computational cost compared to SIFT, and this fact would facilitate the online 

extraction of visual landmarks. 

 

In 2008, A. Gil, O. Martinez Mozos [12] compare the behavior of different interest 

point detectors and descriptors in vision-based simultaneous localization and mapping. 

According to their paper, SURF descriptors and GLOH (Gradient Location and 

Orientation Histogram) outperformed SIFT in all the situations in their experiments. 

And we know that there are not so many art pieces in the subway stations comparing 

to museum or some urban tourist application, using SURF descriptors is quite fast and 

efficient for small or medium scale data set. Thus, in my thesis project, I’ve used 

SURF algorithm for interest point’s detection and descriptors for matching. 

 

In Paul Fogg, Gilbert Peterson and Michael Veth’s paper [25], they provide an interest 

points’ reduction method. The algorithm works iteratively, choosing the largest value 

of available points according to the sum of Mahalanobis distance and scale/second 

moment. This method can be used in the SURF or SIFT algorithm to limit the number 

of interest points. 

 

For my thesis project, the client side is based on Android mobile, which produce an 

image of 320×240 resolutions by default when the user takes a query photo. Normally, 

this image will produce around 100-200 interest points, which is just the appropriate 

number for matching. The image recognition will be less accurate if the numbers 

decrease, even though it still works to some extent. 

2.2 Applications 

After the SIFT and SURF descriptors were proposed, quite a few image analyzing 

algorithms and recognition system have been implemented in recent years. 

 

A Mobile Vision System [19] has been designed which used the informative-SIFT 

keys for descriptors matching, the system significantly increase the speed and 

meanwhile keep the accuracy comparing to standard SIFT matching. 

 

[21] presents and analyses a content-based image retrieval system for Google Phone 

that category each SIFT grid into vocabularies using K-means and flatten it into long 

single-dimensional normalized vector. This vector will then be fed into SVM trainers 

to ascertain whether or not it belongs to specific category.  

 

http://en.wikipedia.org/wiki/Herbert_Bay
http://en.wikipedia.org/wiki/Herbert_Bay
http://en.wikipedia.org/wiki/Computer_vision
http://en.wikipedia.org/wiki/Object_recognition
http://en.wikipedia.org/wiki/Object_recognition
http://en.wikipedia.org/wiki/3D_reconstruction
http://en.wikipedia.org/wiki/Scale-invariant_feature_transform
http://en.wikipedia.org/wiki/Haar-like_features
http://en.wikipedia.org/wiki/Integral_image
http://www.springerlink.com/content/?Author=Paul+Fogg
http://www.springerlink.com/content/?Author=Gilbert+Peterson
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G. Baatz, K. Koser [14] using upright SIFT descriptors to rank the visual word based 

document in querying 3D building and the information is incorporated to aid in 

city-scale recognition. Similarly, another approach from video Google [16] is that 

each image in the database is represented as a normalized histogram of its visual 

words occurrences using the tf-idf weight, which down weights frequently occurring, 

less discriminative words. Query image are compared to all images in the index using 

the dot-product, measuring the cosine distance between the query and vectors which 

stored in database. 

 

An Interactive Museum Guide [4] is implemented for Accurate Retrieval object by 

Beat and Van Gool. In their system, they used the SURF for the recognition of objects 

of art.  

 

Beat Fasel and Luc Van Gool [18] suggest pre-processing and post-processing 

methods for image recognition. They investigate Gaussian image intensity attenuation 

and a foveation-based approach to focus the interest points located in center of image. 

And a post-processing strategy that allows to improve object recognition rates by 

suppressing multiple matches, which is used in my thesis projects as well. 

 

Zheng, Y.-T.et al [13] describe a model and engine for recognizing landscape pictures 

at world-scale for Google. As deals with landmarks, the system recognize the snapped 

point of interest according to a clustered recognition model that makes use of efficient 

image matching such as kd-tree and unsupervised clustering. 

 

The application listed above describes a lot of use of solution to recognize the object 

using image recognition technology. In my thesis project, I’ll mostly use feature 

points extraction and matching methods for art pieces recognition. 
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3 Methods 

In this section, you’ll see the main methods used in my thesis project. The system 

architect is shown at section 6. 

 

User Side: 

Let’s start from the beginning, suppose you have an Android mobile phone. You go to 

the subway station and open this Android program. The recognizing system will first 

locate you and return several stations nearby. Here we use the geo-coordinates 

collected by Cell-Tower and Wi-Fi, we won’t use satellites’ GPS since some subway 

stations are underground where satellite signal doesn’t work.  

 

The application will compute the location of which station you might currently at, and 

will list some possible nearby stations. These stations provide a range of training set 

of art pieces for image recognition later, since the real art piece must exists in one of 

them. This method is presented at section 5. Both the mobile location APIs from 

Android itself and from Ericsson will be used to detect where you are, besides, if the 

automatic locating is failed, the user might choose the station himself. 

 

Then, after you take a photo, the image data combined with stations name will be sent 

to the server encoded by JSON through 3G network, for how to the recognize the art 

pieces, the Speeded Up Robust Feature (SURF) algorithm (section 4.1) will be used to 

extract interest points from your photo, then, all the user interest points will be 

searched from a pre-established kd-tree that stored the training points from database 

(section 4.4) and then compare each points’ feature descriptors. Here, we used 

Best-Bin-First (section 4.4.1) to improve our kd-tree searching. For every user interest 

points, the kd-tree will classified 1-nearest-neighbor to which training art piece it 

belongs. Finally, the most similar art piece and with its description or other useful 

information from database that rely on the voting for the most popular training image 

according to every interest points will be returned to the user’s mobile encoded by 

JSON through 3G network. 

 

Server Side: 

For each art piece at subway station, we take four photos from different views as 

training images: frontal, left, right and distant (section 7). An optional method for 

image clustering (section 4.4.3) management will be used for ignoring the 

unnecessary training pictures. For each image, all the SURF interest points will be 

clustered into several groups to reduce the numbers by k-means algorithm (section 

4.4.2). These cluster center points will be thought of as nodes in kd-tree. We then 

build a kd-tree for each station and the trees will be searched for art-pieces matching. 

 

The database stores the basic information such as description about the art pieces, 
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official reference links and stations for all art pieces. We also create tables to store the 

interest points and its descriptors for all the art pieces in every station. The interest 

points are extracted from four different view angles for each art pieces, and the view 

of art pieces are pre-selected using our image clustering algorithm in advance.  

 

After getting the all interest points in one station, we run the k-means algorithm to 

group them and reduce the size of kd-trees. 
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4 Image Recognition 

While instance (object recognition) techniques are relatively mature and have already 

been used in commercial applications, generic category (class) recognition is still 

quite inaccurate and remains a largely unsolved problem by comparison. As the 

conclusion of paper [15], in my thesis, I’m more focus on interest points’ extraction 

and matching descriptors using kd-tree searching, which yields satisfying results from 

the experiments. Besides, I describe some new ideas for the speed improvement and 

using clustering to decrease computation time. Section 4.1 shows the algorithm of 

SURF, and the distance ratio described in section 4.2. Section 4.3 tells you how to 

avoid multiple matching. Section 4 lists some optimized methods that are 

implemented in my thesis project. Section 4.4.1 presents an advanced kd-tree 

structure with best-bin-first idea for searching the nearest neighbor matching. Section 

4.4.2 is about the k-means clustering to decrease the number for interest points. 

Section 4.4.3 shows an unsupervised algorithm that cluster the art pieces image, 

which can be used to provide information of different art pieces when the wrong 

matches happen and also reduce the kd-tree capacity. 

4.1 Speeded Up Robust Feature (SURF) 

In order to make my thesis complete, I just briefly introduce the concept of SURF 

interest points in section 4.1, all you can find from paper [5, 11]. And there are some 

mature open source implementations of SURF algorithm on the link 

http://en.wikipedia.org/wiki/SURF. The reason why I use SURF as the interest points’ 

detection is described at section 2. 

4.1.1 Interest Points 

The SURF interest points are based on the Hessian Matrix at different scales due to its 

good performance in accuracy. Given a point A(x,y) in an Image I, the Hessian matrix 

  (A,б) in A at scale б is defined as: 

    б   
      б       б 
      б       б 

  

 

Where  xx(A,б) is the convolution of the Gaussian second order derivative 
  

    (б) 

with the image I in point A, and the same for Lxy   б  and Lyy   б .  

 

We push the approximation Dxx, Dxy, Dyy for the Hessian matrix with box filters, see 

Figure 2. In Figure 2, from the left side to the right, we can see the discredited and 
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cropped Gaussian second order partial derivative in y-(Lyy) and xy-direction (Lxy), 

respectively. The right two images is our approximation for the second order Gaussian 

partial derivative in y (Dyy) and xy-direction (Dxy). The grey regions are equal to zero. 

 

 

 
Figure 2 Hessian matrix in y-direction and xy-direction and approximation box filters 

 

We then compute determinant: 

                            

 

, where   is the weight to balance the Hessian’s determinant. As the SURF author 

said, this is needed for the energy conservation between the Gaussian kernels and the 

approximated Gaussian kernels. Here, in my thesis projects, we use       , just the 

same from the SURF [5, 11]. 

 

4.1.2 Scale space and Octaves 

Interest points need to be found at different scales, usually, we implement the scale 

spaces as an image pyramid, which means the scale space is analyzed by up-scaling 

the Gaussian filter size rather than iteratively reducing the image size. The scale space 

is divided into octaves. An octave represents a series of filter response maps obtained 

by convolving the same input image with a filter of increasing size. The construction 

of the scale space begins with 9   , followed by 15    , 21     box filters.  

 

As shown in Figure 3. Figure 3 shows a 15     box filter in direction XY. The 

length of the dark lobe can only be increased by an even number of pixels in order to 

guarantee the presence of a central pixel. On the right side of Figure 3, graphical 

representation of the filter side lengths for three different octaves. The octaves are 

overlapping in order to cover all possible scales seamlessly. 
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Figure 3  A 15   15 box filter in xy-direction and 3 octaves. 

 

So, in order to find interest points over different scales in the image, we will apply 

non-maximum suppression in 3       neighborhood scale area. Then, we 

interpolate the maxima of the determinant of the Hessian matrix in scale and image 

space and get the corresponding interest points. 

 

In my experiment, the interest points mostly locate at scale one to five. For an image 

with resolution of        , there is around 100 to 200 interest points. Figure 4 

shows the two examples about the interest point detection, each red circles represents 

an interest point. 

 

 
Figure 4 Interest Points localization: each interest points are shown as a red circle. 

4.1.3 SURF Descriptors 

For every interest points detected in section 4.1.2, we build 4    square sub-regions 

that aligned to the selected orientation for each point. The orientation is selected 

according to the detection from the dominant orientation of Gaussian weighted Haar 

wavelet response, which is computed at a sliding window of size
 

 
.  

 

After that, we extract a 4-dimensional descriptor vector 

                          as the SURF descriptors, where dx and dy means 

the wavelet response in x and y directions and      and      are the sum of the 

absolute values of responses. Finally, SURF algorithm will produce a 64 dimensional 

vector for each interest point. 
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Figure 5 shows a sliding orientation window of size 
 

 
 detects the dominant 

orientation of the Gaussian weighted Haar wavelet responses at every sample point 

within a circular neighborhood around the interest point. 

Figure 6 describes an oriented quadratic grid with 4 4 square sub-regions which lies 

over the interest point (left). For each square, the wavelet responses are computed. 

The 2     sub-divisions of each square correspond to the actual fields of the 

descriptor. These are the sums                       computed relatively to the 

orientation of the grid (right). 

 

 
Figure 5 Orientation assignment 

 

 

 

Figure 6 An oriented quadratic grid with 4 4 square sub-regions is laid over the interest point 

(left) and sums of wavelet response (right). 

 

Besides, we will also record five more features for each interest points.  

1. Scale: at which scale interest point are found 

2. Orientation: dominant angel direction 

3. Laplacian: trace of the Hessian matrix, the sign of the Laplacian distinguishes 

dark blobs on white backgrounds from the reverse. 

4. X-coordinate: location of interest point. 

5. Y-coordinate: location of interest point. 
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4.2 Distance Ratio and Bi-directional Matching 

When we extracted the interest points using SURF algorithm, we need to find the 

matching pairs.  

 

My original method: distance ratio, which is used by [5, 18], states that if the 

Euclidean distance of a nearest matching pair in descriptor space is closer than 0.75 

times the distance to the second nearest neighbor, then a matching pair is detected. We 

then calculated all the satisfied matching pairs as recognition score S between the 

query image and training images, sort them and get the highest score as the best 

matching image. 

 

Bi-directional matching is used for finding the rest missing points. Usually, given a 

point A from query image, we should find a matching point B from training image, 

the distance ratio of 1
st
 and 2

nd
 nearest neighbor are thus depending on all points in 

training image. But actually, we should also consider about all the points in query 

image when we compute the distance ratio matching. 

 

The Figures 7 and 8 below show the distance-ratio matching result based on the left 

image (query image) or the right image (training image) respectively. The practical 

application should take them both into consideration as interest point-pairs matching, 

and count them all as matching pairs. Figures 7, 8 both test the art piece at station 

Näckrosens, Stockholm subway. 

 

 

 

Figure 7 Blue lines represent matching pairs, distance ratio depends on right image. 
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Figure 8 Green lines represent matching pairs, distance ratio depends on left image. 

 

However, even though distance-ratio matching has made a good result for the 

experiment at Stockholm metro, but quite a little bit slow. The prototype system takes 

around 2 seconds to get the most similar image from 200 training images. The reason 

for that is we need to iterate all training points for each query point, and find the 

first-nearest and second-nearest neighborhood and then decide whether this is a 

matching pairs or not. Thus, the time complexity is      , which N represents the 

number of interest points and M represents the number of interest points in training 

images. Besides, we still can’t ignore the time consuming such as retrieving the data 

from database, SQL connection, they’re big cost. 

 

Even though the distance-ratio algorithm works, we still need to improve our method. 

Later, a much faster method using kd-tree searching with BBF and some other 

optimized technologies will be discussed in section 4.3 and 4.4, and those techniques 

are used in my final thesis project. 

4.3 Avoid Multiple Matching 

Before we discuss the more advanced technique for fast matching, there’s one thing 

we need to consider. Since we use Euclidean distance for similarity, there might exist 

some multiple matching [18], which means one point might match several points. The 

simplest way to solve this problem is to build a table to store which interest points 

have been matched and skip the visited one. Later, when we use faster method kd-tree 

to search the 1-nearest-neighbor, we can set a boolean flag variable to identify 

whether this nodes has been visited, and change this variable value when searching. 

Figure 9 shows you the example of multiple matching, which should be avoided at 

matching. 
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Figure 9 Multiple matching should be avoided, shown as red circle. 

4.4 Optimization 

There are so many optimization methods to increase the speed and accuracy for Image 

Recognition. But it should also be realized that there’s some trade-off for using those. 

4.4.1  KD-Tree and Best-Bin-First Matching 

In paper [15], the authors compare the feature based approach such as kd-tree and the 

bag of words approach when no post processing is applied, and shows that the 

bag-of-words approach does not achieve better match performance when applied to 

relatively small datasets. We know that there aren’t mass art pieces at subway 

compared to museum or some other places. As such, we use an approach similar to 

that of [22, 23, 24, 26] for recognition art pieces in each station, just as Google’s tour 

system [13]. Specifically, using SURF features and a multiple kd-trees 

implementation, features in the query image are matched against a database of all 

features in each station.  

 

After getting the nearest neighbor interest points, a score is then generated for each 

training image in station based on the number of matching features relative to the 

query image. The database image that best matches the query image is the one with 

the largest score. 

 

KD-Tree Node 

Figure below shows a kd-tree node structure in my project. 

Each tree node contains: 

 

a. mLeftNode and mRightnode: Left and right child, linking to successors. 

b. mValue: Reference to its 64-dim SURF value. 
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c. mCutDim: At which dimension this node is splitted. 

d. mCutVal: The cutting value at cutting dimension. 

e. mImageID: Each tree node belongs to a Image, this variable store the ID of the 

image from database. 

f. hasFindMatching: A boolean value to check whether this node has been classified 

for avoiding multiple matching. 

 

 

Figure 10 Kd-tree node data structure 

 

Normal kd-tree search algorithm can be very effective in low-dimensional spaces, but 

in higher dimensions there are many more bins adjacent that must be checked, the 

performance degrades rapidly due to the extra search as the price to pay. An improve 

method is that we can use an approximation search solution to find a nearest neighbor 

point in high dimensional space. 

 

Best Bin First: 

BBF is a search algorithm which is designed to efficiently find the matching point. 

BBF returns the nearest neighbor for a large fraction of queries and a very close 

neighbor otherwise. 

 

Here we use the similar priority search of [22, 23] to find the 1-nearest-neighbor for 

the system efficient and simplification. The bins are key-value structure with kd nodes 

and its distance to splitting axis. All the bins are stored in the standard Java priority 

queue sorted by increasing distance, and the best bin is selected according to the 

shortest distance, which is the first element in the priority queue. Thus, when the 

algorithm is searching from the root to leaves, the priority queue will record the 

nearest bin from the query point, and prune the rest unnecessary searching if the 

distance from query point to current tree node is shorter or equal than the best bin. 

 

Visiting threshold: 

Besides, we set a searching threshold to limit the numbers of searching kd-tree nodes. 

For example, if there’s a tree with 2000 nodes, we can visit 100 nodes at most and 

decide the approximate matching nodes. In my experiments, the threshold is chosen as 

the 5% of the nodes number in the current tree. 

 

Building tree: 

To construct a kd-tree is not a big problem. We need to pass two parameters to the 

http://en.wikipedia.org/wiki/Search_algorithm


21 
 

function and construct the left sub-tree and right sub-tree based on the sort of the 

current points’ list. The points are 64 dimension SURF descriptors. 

 

Pseudocode: 

Function buildKDTree(points, depth) 

{ 

  If points.size == 0 

return null; 

   

//select splitting axis 

  Var axis := depth mod dimension;  

   

  //sort the nodes based on axis and get the median tree node 

  Sort the points according to axis;   

  Var node := points.getMedian(); 

 

  //create node and make the subtree 

  node.mCutDim := axis; 

node.mCutVal := node.mValue[axis]; 

node.mLeftNode := buildKDTree(points before median, depth+1); 

node.mRightNode = buildKDTree(points after median, depth+1) 

 

return node; 

} 

 

 

Fast matching: 

The Laplacian element of the SURF descriptor can be used for fast matching. As the 

interest points are found at blob-type structures, the sign of the Laplacian 

distinguishes bright blob on dark backgrounds from the reverse situation [11]. The 

feature can also be used as a splitting hyper plane in kd-tree without reducing the 

performance. 

 

Pseudocode: 

Here, the pseudo-code of searching is shown to give you a general idea. 

 

Function kd_PrioritySearch(query_point, kd-tree root, visiting_threadshold) 

{ 

Var PriorityQueue queue; 

Var nearest_dist := Max; 

Var best_node :=root; 

Add root node to queue; 

While queue not Empty 

   { 
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      Var <node, dist> := queue.Poll; 

 

      //unnecessary to finding, the rest in prio-queue are further than current 

      If dist > nearest_dist 

        break; 

      While node not null 

      { 

         //approximation searching to increase speed 

         If visit_times > visiting_threadshold 

           break; 

         Var current_dist := compute distance from query_point to node; 

         If current_dist < nearest_dist && node has not been classified 

         { 

            set previous best_node not classified; 

            best_node := node and refresh the nearest_dist; 

            set new best_node classified; 

         } 

         Var cd = node.cut_dimension; 

         Var new_offset := query_point[cd] – node.cut_value; 

 

         //left part from the splitting axis 

         If new_offset <0 

         { 

            // square distance to splitting axis 

            Var offset_dist := new_offset* new_offset; 

 

            // nearest neighbor might be in other bin 

If offset_dist < current_dist  

            { 

               Add <node.right_node, offset_dist> to queue; 

               node := node.right_node; //search right child 

            } 

         } 

 

         //right part from the splitting axis 

         else 

         { 

            the same as left part: 

compute the offset_dist and replace right_node with left_node; 

         } 

      } 

} 

   return best_node; 

} 
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The algorithm terminates when the priority queue is empty or the distance from query 

point to splitting rectangle corresponding to the first element in priority queue is 

greater than the current nearest neighbor distance. At first, we insert the root node, 

and then we start iteration. The algorithm extracts the node from the queue with the 

highest priority, compute the distance to the query point and check whether the best 

node needs to be refreshed. After that, search through its sub-tree, and insert child 

node’s sibling to the priority queue if necessary. 

 

The java implementation of Priority Queue
2
 provides  (log n) time for enqueing and 

dequeing methods, n is the number nodes in priority queue. And the depth of the 

balanced kd-tree is  (log M), which M is the total number of training interest points, 

M is much greater than n. So the total time complexity of recognize user query image 

is around  (N log M), where N is number of user’s query points. 

 

Comparing to distance-ratio matching  (NM) at section 4.2, BBF kd-tree is much 

faster. This will also be proved at following experiment section. 

4.4.2  K-Means Interest Points 

It is also a big overhead to search from so many interest points even though using 

kd-tree. Suppose we have 100 training images for each subway station, and each 

training image has around 100 interest points at 320 240 resolutions normally, so 

we’ll have around 10,000 interest points all together. We know that for some art 

pieces such as paintings or sculptures, interest points can be clustered into two classes, 

for example, the background interest points have the similar SURF descriptors and the 

object interest points have the same features of object. K-means [27], which is a good 

supervised clustering method, provided a good solution to reduce the numbers of 

interest points, which saving the space and memory for kd-tree. 

 

The k-means algorithm cluster the interest points into k groups, each group has its 

own center point, which is also a 64 dimensional vector of SURF descriptors. We thus 

can use these center points to build our kd-tree and make an approximation 

classification. 

 

The Figure 11 shows the experiment results of k=4, the testing picture is the art piece 

at station Näckrosen, Stockholm subway. Using k-means, the interest points of this 

testing art pieces are separated into 4 groups. Notice the red circles at left-top and 

left-bottom image, which works quite well since most of the points are clustered 

within the similar group. The points in one group mostly hold the common features, 

having the same descriptors of the SURF. 

 

                                                             
2
 http://download.oracle.com/javase/6/docs/api/java/util/PriorityQueue.html 
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The clusters have 30,28,23,30 points, respectively, marked as red circles. We can see 

the left-top and left-bottom figures are classified quite well, points of left-top image 

mostly locate in the shadow under the art frame, while the points of left-bottom image 

mostly locate on the wooden art frame. The reason is obvious that these points have 

the similar characteristics in SURF descriptors.  

 

Even though using k-means sometimes might miss the correct points, it is still a good 

method to reduce the huge numbers of interest points. One thing need to be noticed is 

that we should choose an appropriate k to make the matching algorithm more 

accurate. 

 

 

Figure 11 Using k-means to cluster the 111 interest points into 4 groups. 

 

Figure 12 is another example that separate the points into 2 groups, which recognize 

the object (green circles at left image) and the barrier (red circles at right image). 
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Figure 12 Separate the object as green circles and the barrier as red circles with k=2. 

 

The k-means clustering provided a good solution to reduce the capacity of kd-tree and 

increase the speed of searching. But “There ain't no such thing as a free lunch”, the 

k-means algorithm doesn’t use the original data, instead, it produces the new 64 

dimension SURF descriptors for the center points, which are the average descriptors 

on each clusters and broke the original data to some extent. As a result, due to its bias, 

when searching the matching points using k-means based kd-tree, the accuracy of the 

recognition must be decreased depends on group number “K”. The smaller the “K” is, 

the more inaccurate the result will be. 

4.4.3 Image Clustering Management 

The training images should be taken under extreme perspectives. Here we set our 

database with four situations: frontal, left, right and distant. However, sometimes we 

do not need all four different views for an art piece, or, we do not know whether these 

training images are “good” or not. The recognition result might be very good for just 

storing two or three training image for that art piece, for example, like painting art 

piece. 

 

So, we provided an unsupervised image clustering method here to reduce the training 

images.  

 

Several years ago, a data mining method called DBSCAN [28] algorithm is proposed, 

here, we just import some ideas from DBSCAN for clustering the images. 

 

We first define 2 parameters for our Image-DBSCAN algorithm: 

1.  -neighborhood:  A percentage value of similarity between two images. The 

algorithm use distance-ratio and avoid multiply matching (section 4.2 and 4.3) for 

the interest points matching between two images. 
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2. MinImgs: An image A is a core image if and only if there are at least MinImgs 

images in A’s  -neighborhood. 

 

The basic idea of algorithm is: if an image p has more than  -neighborhood points 

matching to q, then p and q belong to the same cluster and they are connected. If an 

image is not connected to any other images, it is considered as a new cluster. After 

algorithm execution, 2 or 3 images may become the core images, we then can choose 

the image with the largest number of interest points as a real core image for further 

processing. The rest unchosen core images can be excluded from training image since 

we can use the chosen core image to represent them and they are just quite similar, or, 

another choice is to select new image to replace the old one to strengthen the dataset. 

 

In my prototype system, we take four different views for an art piece, so MinImgs=2 

is quite reasonable. After doing some tests and watching the results, we set 

 -neighborhood = 45%, that means the images in one cluster are almost the same. 

 

Figure 13 shows the idea of image-DBSCAN: 

Image A has 130 interest points. 

Image B has 151 interest points. 

Image C has 136 interest points. 

Image D has 159 interest points. 

 

Their  - neighborhood are computed between each other. We can see that the   of 

Image D and Image C are 46.3% (63/136) , which is larger than 45%, so these two 

images can be clustered into one cluster. And Image D has 159 interest points, so we 

choose D as the core image of this cluster. As a result, when building kd-tree for 

matching, we simply select Image A, Image B and Image D. 
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ε= 46.3%

ε= 30.0%

ε= 16.9%

ε= 43.8%

ε= 5.1%

ε= 19.8%

Image A

Image A

Image B

Image C

Image D
(core image)

 
Figure 13 A cluster example for 4 training images of the same art piece. 

 

In figure 13, image C and D are the same cluster and the Image D are chosen as the 

core image. So when building the kd-tree for the specific station, training Image C 

will be ignored, since Image C has a lot of similar interest points matching with Image 

D, these matching points are redundant. 

 

The reason for doing that is to make the training dataset different and cover as large 

viewing-angle as possible, so that the application can recognize the correct art piece 

disregarding the viewing angle of the user. 

 

This image-DBSCAN just provides you an optional alternative, in my prototype 

system, I use it to reduce the number of training images and it works quite well. The 

algorithm skips some training images and therefore increases the matching speed 

slightly. Besides, you can also use this to pick up “bad quality” training images (much 

similar with other image) and replace it with the new one to be not so similar, for 

example, Image C in above figure. And this process will continue until all the four 

views are below the similarity threshold. 

 

Pseudocode of algorithm image_DBSCAN: 

Function image_DBSCAN(images_dataset, eps, MinImgs) 

{ 

Var cluster_id := 0; 
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Var results_list;// store every core Image’s neighbor Images list 

 

For each image I in images_dataset  // images list 

{ 

If I is classified 

    continue; 

 

//get the neighborhood images within  -neighborhood 

Var list N = getNeighborsImages (I, eps); 

 

If sizeof(N) > MinImgs // I is a core image 

  { 

Add N to results_list; 

    Set I := core image and classified; 

} 

 

} 

 

For each images_list in results_list  

{ 

   Merge two images_lists if they contain the same Image; 

} 

 

//Set cluster Number according to results_list  

setCluster(images_dataset, results_list, cluster_id) ;  

 

return images_dataset; // already clustered by setCluster function 

} 
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5 Location Based Service 

Mobile location services are mixed with the wireless network industry and the 

geographic information system (GIS). We can use mobile operators’ wireless data 

networks to deploy our application or positioning which leverage the location 

technologies and the 3G network to perform the complex computation and 

measurements to the location of a mobile user. Location-based application is thus just 

developed with that. The corporate market like UPS, Fedx includes the following 

services: 

a. Dispatch and delivery route management 

b. Individual tracking 

c. Security control 

 

Nowadays, location is one of the most relevant context information when using a 

mobile phone. There are multitudes of location sources, GPS, geo-coordinates of 

Cell-ID, and Wi-Fi which can each provide a clue to users’ location. Determining 

which to use and trust is a matter of trade-offs in accuracy, speed, and 

battery-efficiency. Location-based services take this location information into account 

while performing task.  

 

However, some location signals such as satellite GPS are almost impossible to be 

caught at subway stations. Therefore, we more focus on Cell-ID tower and Wi-Fi to 

provide the location information of current stations even though the inaccuracy to 

some extent. After receiving the longitude and latitude data from Cell-tower and 

Wi-Fi, the possible stations where the user might locate can be known. 

 

We provide two methods for locating the user’s mobile, from Android API and 

Ericssion Mobile location API. Both of them work well and we combined them to get 

the best geo-coordinate and thus finding our location. 

 

There are many new opportunities and challenges for application developers, but 

meanwhile, quality map data coverage, high-speed wireless data services, systems 

integration, and business models are just a few of the challenges that must be faced in 

building an application. All of these are exciting and promising. 

5.1 Android location 

Android mobiles such as Sony Ericsson, HTC give our applications access to the 

location services supported by the hardware device.
3
 We can use location APIs to 

determine a group of stations that are covered in this location area. 
                                                             
3
 http://developer.android.com/guide/topics/location/index.html 



30 
 

 

The information of the location signal consists of three basic fields, longitude, latitude, 

and accuracy. After using this information, the mobile knows where you are. Besides, 

the geo-information may also consist of other fields such as altitude, which is not 

necessary in our project, but it is a good supplement for the location. 

 

The table below lists location service information received at some stations of Blue 

line 11, Stockholm subway. Since we can’t get the GPS data from satellite, these data 

are the geo-location of Cell towers or the Wi-Fi network nearby. It’s not very swift to 

receive that information due to the underground station. 

 

Station Longitude Latitude Accuracy(m) 

Kista 17.9457362 59.40092025 60 

Hallonbergen 17.965302 59.386565 3090 

Näckrosen 17.961932 59.388926 2330 

Solna centrum 17.989551 59.366238 2720 

Västra skogen  17.994442 59.357827 2098 

Stadshagen 18.014289 59.340808 1873 

Fridhemsplan 18.023007 59.33743 1879 

Rådhuset 18.038963 59.334277 1692 

T-Centralen 18.042823 59.333107 1744 

Kungsträdgården 18.067466 59.331173 1156 

 

5.2 Ericsson Mobile Location 

Ericsson, however, has its own mobile location APIs for detecting the position.
4
 The 

look-up method provides a position data and an uncertainty radius based on 

information about a cell in a mobile phone network. To use this API, the application 

simply needs to send HTTP GET request, the server side return a response string as a 

JSON object.  The response contains longitude, latitude, and accuracy of the cell 

submitted in the request. 

 

Here is the example of location information by using Ericsson mobile location API, 

we take the same stations as the example, Blue line 11 Stockholm Subway. 

 

Station Longitude Latitude Accuracy(m) 

Kista 17.9481651777 59.400027445993 1195 

Hallonbergen 17.96511 59.3948 2900 

Näckrosen 17.983489 59.36647333 2479 

Solna centrum 17.999143375 59.35833425 143 

Västra skogen  17.9981 59.34637 2843 

                                                             
4
 https://labs.ericsson.com/apis/mobile-location/documentation 
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Stadshagen 18.017197578947 59.336887078947 748 

Fridhemsplan 18.02976 59.33171 2900 

Rådhuset 18.04693 59.32864 2611 

T-Centralen 18.050820481986 59.338423191907 18538 

Kungsträdgården 18.06857 59.33026 2900 

 

5.3 Using Location 

The two methods described at section 5.1 and section 5.2 to access the location 

information can be combined together to get more accurate data, which help the 

application choose the essential stations for matching. The basic idea of this is shown 

in Figure 14. The possible nearby station are station 1, 2 and 3. 

 

Cell-tower, [Longitude Latitude]

Accuracy (m)

station 1

station 4

station 5

station 2

station 3

 

Figure 14 Mobile location coordinates for detecting nearby stations. 

 

 

As the implementation in my thesis project, the longitude and latitude data are chosen 

according to the smaller accuracy value after comparing the Android API and 

Ericsson API. For example, the accuracy value of Android Mobile API at “Kista” is 

60 meters, which is smaller than the value of Ericsson’s value. We therefore use the 

{“Longitude”: 17.9481651777,” Latitude”: 59.40092025} to search for the nearest 

possible stations. While, another situation is that the mobile phone receiving data at 

station “Stadshagen”, where the Ericsson’s location data is better. 

 

Both the Android location information and Ericsson mobile location information can 

be useful, in practice, we simple compare the accuracy and then decided what to use 

later in the algorithm. 

 

The stations near this coordinate within the range of the accuracy are chosen as 

candidates. The number of candidates is varying depending on the signal quality. If 

the value of accuracy is too small to cover the subway stations, we just choose the 
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only one nearest station as the nearby candidate. 



33 
 

6 System description 

After we know how to recognize the image and combine the location service to get 

more accurate results, we now start to implement the prototype system and database. 

 

Section 6.1 describes the basic system structure from the client side to server side. 

Section 6.2 presents the database design and the table fields. Hardware and platform 

information are listed at Section 6.3. 

6.1 Architecture 

JSON(location & 
Image)

JSON(Matching Art 
pieces Info.)

Android Mobile

Server

Image Info. 
& kd-trees

Take photo

 
Figure 15 A client-server architecture for mobile application. 

 

Client: The client side is Android mobile such as Sony Ericsson x10i, HTC, etc. The 
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user can take a picture for the art pieces that he might be interested in. The mobile can 

decide the location of which station you are, as described in Section 5. After that, the 

photo packed with the location data will be transferred to the server by JSON string 

through 3G network. 

 

Server: After receiving the JSON data from the client, the server decode it and 

retrieve the interest points, analyzing and classification from the database. The server 

will classify the interest points from a kd-tree, which stores the essential information 

of the training images. Then, the server sends the information back to mobile using 

JSON string. Besides, in my thesis project, some similar backup art pieces will still be 

sent to the user mobile. They give the users an alternative if the recognition result is 

failed. 

 

The application runs on Android phones, and communicates with a server where the 

image processing is done. It lets the user take a photo of an art piece found in the 

subway. The photo is automatically uploaded to the server, analyzed, and matched to 

art pieces in a database on the server. If the art piece is recognized, information about 

the art piece is sent back to the client together with a link to further information, and 

pictures of recommended art pieces, which is presented to the user. 

  

The application lets the user find out what the art piece is about, who made it, and 

allows for a richer art experience while in the subway system. Using a property of the 

image-matching algorithm used, when an art piece cannot be recognized, a list of 

possible art pieces are presented to the user. These are seen as either examples of what 

art piece can be recognized by the system, or to help the algorithm recognize the art 

piece. 

 

In order to improve the performance of the application, the location of the device is 

sent to the server together with the photo to be recognized. Even though there are 

many art pieces in the subway and even more photos to match against, knowing 

where the user is can limit the number of possible art pieces to those in the user’s 

vicinity. Note that the subway system in Stockholm has full network coverage, and 

thus the mobile network is fully functioning which enables communication with the 

server and the ability to locate the device through base station triangulation as offered 

by the Android operating system. 
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Figure 16 Testing at station Fridhemsplan, Stockholm Subway, photo the wooden seabird. 

 

The two images at Figure 16 are the prototype application tested at station 

Fridhemsplan, Stockholm subway. The left image displays the information at mobile 

client side, the right image provide some similar recommended art pieces when bad 

matching happens. All the data are transmitted through 3G network. 

6.2 Database Design 

To store the data, MySQL is used as the database. 

For each station, we build a table that stores the SURF descriptors, as described on 

Figure 17. The SURF descriptors are extracted from training images of different art 

pieces and clustered using K-means, as described in Section 4.4.2.  

 

 

Figure 17 Database table design 

 

As the above Figure 17, we store all art pieces information into one table called 

“ImageInformation”. 
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Fields of table ImageInformation:  

1. Imageid (primary key): id of specific image. 

2. station: which station this image locates. 

3. internetlink: internet reference to this art piece. 

4. filepath: file path at server side. 

5. descriptionEN: description about art piece in English. 

6. descriptionSV: description about art piece in Swedish. 

7. cluster: each art piece may have different views and different information, so here 

we group the similar images of the same art into one cluster, which will be used in 

the recommending art pieces if matching failed. 

8. representcluster: whether this image represents this cluster, used in the 

recommending art pieces if matching failed. 

 

We store the interest points’ data into different tables, each table means different 

stations. All For example, table Fridhemsplan is the station of blue line, T11 

Stockholm Metro. 

 

Fields of table Fridhemsplan: 

1. id (primary key): id of interest point. 

2. imageid (foreign key): external link to table ImageInformation, represent which 

images. 

3. f1-f64: 64 dimensional features of SURF descriptors. 

4. laplacian: interest point’s feature, used for fast index-matching. 

6.3 Hardware 

Here is the detail configuration of the system. 

 

Client:  

Sony Ericsson x10i mobile device. 

Operating system: Andorid 

Firmware version: 2.1-update1 

Baseband version: 2.0.49 

Kernel version: 2.6.29 SEMCUser@SEMCHost #1 

Photo’s resolution: 320*240. 

 

Server:  

Intel(R) Xeon(R) CPU E5335 @2.00GHz and x86_64 GNU/Linux 2.6.32-26-server 

with 2G memory. 
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7 Experimental Results 

In order to be strong enough for the recognition and match the correct images as much 

as we can, we take the training images from different viewpoints under arbitrary scale, 

which means we set the database images of one art piece with 4 views: frontal, left, 

right, distant. 

SURF descriptors maintain robustness to rotation of about +/-15°. The training images 

should therefore be taken under extreme perspectives to increase the recognition rate. 

Here we set our database with four situations: from the front, taken from an angle 

from the left and from the right and at a distance. 

In our experiment, 28 art pieces distributed at 8 stations are put in the database, which 

with four different viewing angles corresponds to 112 training images. This results in 

15652 original interest points. Using k-means we get 3360 final interest point 

descriptors. 

 

 

 

Figure 18 Training data collected from 4 views: distance, left, right and fontal of the art pieces. 
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7.1 Location Service 

We use both Ericsson and Android Mobile APIs to get the geo-coordinates. We choose 

the better coordinate after comparing the accuracy. If the accuracy of Ericsson’s 

geo-position is better than Android’s, we use this coordinate to find the possible 

stations within the range of accuracy, otherwise, vice versa. 

 

As the geo-coordinate described in section 5, we’ll get the following result testing 

Blue line 11, Stockholm subway. 

 

The left column of this table is Stockholm subway station that you are just standing in, 

and the right column is the stations that you might locate at by computing the geo 

coordinate, since the mobile doesn’t know where you are. 

 

At Station Auto-detecting by geo-coordinates 

Kista Kista 

Hallonbergen Kista, Hallonbergen, Rinkeby, Rissne 

Näckrosen Kista, hallonbergen, Rinkeby, Rissne, 

Duvbo 

Solna centrum Hallonbergen, Näckrosen, Solna 

Centrum, Rissne, Duvbo, Sundbybergs 

centrum, Vreten, Huvudsta, Västra 

skogen 

Västra skogen Näckrosen, Solna centrum, Duvbo, 

Sundbybergs, Vreten, Huvudsta, Västra 

skogen 

Stadshagen Stadshagen, Thorildsplan 

Fridhemsplan Fridhemsplan, Västra skogen, 

Stadshagen, Rådhuset, Kristineberg, 

Thorildsplan, Sankt Eriksplan, Odenplan 

Rådhuset Stadshagen, Fridhemsplan, Rådhuset, 

T-Centralen, Thorildsplan, Sankt 

Eriksplan, Odenplan, Rådmansgatan, 

Hötorget. 

T-centralen Fridhemsplan, Rådhuset, T-centralen, 

Kungstradgarden, Sankt Eriksplan, 

Odenplan, Rådmansgatan, Hötorget, 

Gamla Stan, Slussen, Östermalmstorg, 

Mariatoget, Zinkensdamm 

 

 

After we get the possible stations, we can narrow down the size of candidates and 

recognize the art pieces much faster. 
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7.2 Accuracy 

We test our application at some Stockholm subway stations of blue line T11, red line 

T14. We let five participants with different background try the application. What we 

want to prove here is no matter what kind of users or behavior, the application should 

works well. 

 

The participants used the applications in total 47 times in different subway stations. 

The recognition rate was 87% (41/47) considering the result of the best matching art 

piece. However, it rises to 97% (46/47) if we include the top three most similar 

recommended art pieces. We found that it takes several seconds to detect the location 

signal at under-ground stations, but it is very swift when the testing is at the station on 

the ground. 

7.3 Speed 

The total speed of handling a post query consists 3 parts:  

a. Extract SURF descriptors  

b. Finding matches from training data 

c. Returning information from database 

 

Extract SURF descriptors 

The detection of SURF descriptors is running on the server side, when the server gets 

the query image, it will find some interest points by SURF algorithm. Kd-tree using 

this interest points to find matching. We can see from the below line chart that 

matching between the user query image with training dataset usually takes around 

0.15sec, and doesn’t grow dramatically when the SURF interest points increase, 

which is the superiority of the kd-tree. 
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Figure 19 Time for extracting interesting points and matching 

 

Figure 19 presents several examples of time consuming of extracting SURF 

descriptors (blue line) and matching (red line). The horizontal axis means the number 

of interest points per image and the vertical axis means milliseconds. 

 

The time for extracting SURF descriptors is changing dramatically, but it still very 

fast and the computation finishes in 0.5 second on average. 

 

The rest work is to get the information for the art pieces and send back to users’ 

mobile phone. In practice, all the operation described above will be finished in less 

than 1.5 sec, which is acceptable for the user to use this application. But we still have 

to say that, even though the server side operation is very fast, the most part of time is 

relying on network, time c described above.  

 

Time consuming = time a (0.5 second on average) + time b (around 0.15) + time c 

(database query and network transferring) 

In our experiment, the time consuming will be not more than 1.5 second. 

 

We will not discuss the time for building the kd-trees and clustering using k-means 

algorithm, since all of those operations are done beforehand. 
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8 Summary and Conclusions 

It is a very interesting and useful to implement a mobile software system for the art 

pieces recognition. This paper presents a promising mobile software system 

recognizing different art pieces at different locations. It was found to be efficient 

using kd-trees to find the matching pairs of interest points produced by the SURF 

feature detection algorithm. Using priority tree as current best bin to improve the 

performance of algorithm is also a good choice in implementation. For small or 

medium scale training sets, our system is fast and accurate. We use mobile signal like 

geo-coordinate to delimit the dataset of photos of art pieces to speed up the image 

recognition, and this kind of mash-up technology collaborates with image recognition 

perfectly. 

 

Our system shows that object recognition method combined with some others mobile 

techniques nowadays can create novel applications that run on off the shelf devices 

with awesome applications, which might changing people’s daily lives. 

 

Due to my limited knowledge in image recognition, I just used interest points 

matching for the object recognition in my thesis. This feature match-vote recognition 

scheme is suitable for small or middle-size training set, but it does not work well for 

large densely distributed image sets. When the number of interest points rising, the 

voting scheme is becoming random and disorder due to more and more similar points 

computed by Euclidean distance space vector. There are currently a lot of other 

methods for the object recognition such as SIFT interest points detector and 

bags-of-words vector to analysis the scene, category or the others. Image recognition 

in computer vision, has becoming more and more powerful and accurate these years, 

which are now implemented in some argument reality applications. 

 

The prototype system works quite fine and fast. It is very effective and efficient in 

searching small and middle-scale training set. 

 

Some data mining methods such as k-n-n, k-means, db-scan algorithm are very 

important in image recognition. We need to find the matching pairs in huge amount of 

data, which is crucial to use the specific technology in specific situation. 

 

The recognition result might not be good because of few interest points as shown in 

figure 20. Figure 20 cannot produce much more interest points because of this art 

piece consists of very few black lines on the big-white-background by comparison. 

The voting algorithm lacks enough query points to decide the accurate art piece. 

When there are not enough points, the voting scheme become unreliable. 
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Figure 20 The art pieces that system does not works very well due to few interest points. 
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9 Future work 

Future work will focus on finding a better method to manage training images, 

especially how to select the number of groups produced by k-means algorithm, as in 

this paper, we set the number of groups by trial-and-error after experimentations.  

 

It is also necessary to test for false-positive, since the user might just photograph 

whatever they want. Image a user takes of photo of him, what could the result be 

happen? We should set some rules or thresholds when the matching algorithm runs, or 

to find a more advanced method with pre-processing or post-processing. 

 

Furthermore, some preprocessing operations like dimensionality reduction PCA 

should be used to avoid curse of dimensionality of SURF descriptors. The SURF 

descriptors have 64 dimension features, and it is quite a lot in finding the 

1-nearest-neighbor matching.  
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