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Abstract 

 

Often what is effortless for a human brain challenges machines the most. Visual recognition, a fairly easy task for 

humans, can be surprisingly difficult for machines due to variations in angle, size, and lighting. The challenge is 

amplified on mobile platforms because of computational constraints. There have been a number of studies on image 

recognition, but few focus on algorithms that run completely on portable devices. This work presents an improved 

image retrieval method that can run on mobile devices in real time without the need to access a remote server. First, 

the speed and accuracy of different known keypoint detectors and descriptors were studied to select the best one. Then, 

the results were further optimized by filtering best matches, exploiting the user’s location, and extending a grayscale 

descriptor to include color. The algorithm successfully matched various objects to locally stored sample images with 

an improved accuracy of 98.5% in less than a second. In addition, since no well-structured database was publicly 

available, new data sets comprising hundreds of photographs of college buildings and academic posters taken from a 

combination of distances and angles were built. These data sets will be made publicly available. Finally, an application 

in the form of an electronic tour guide is presented, where users instantly gain detailed information on buildings or 

posters by taking pictures of them with their phones or tablets. Although this work focused on images of buildings 

and posters, the algorithm could potentially be used in other image recognition algorithms. 
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1. Introduction 

 

1.1. Objective 

 

With the advance of computer technology, increasingly more human tasks are now digitized and assisted by software 

in mobile devices. This research, building on this trend, aims to investigate a method for image retrieval on portable 

devices. More specifically, the algorithm should be able to recognize an image of a building or a poster from its picture 

taken by a user’s smartphone or tablet. Recognition is done by retrieving a training image of the specific building/ 

poster from the database. Because everything is done offline on the device, it is necessary to carefully consider the 

size of the descriptors, the runtime, and the accuracy of different retrieval algorithms in order to cope with the 

computational and memory constraints. Additionally, the retrieval method was implemented in a tour guide app for 

Android devices. 

   Section 2 describes the three main jobs of the system, which are essentially detecting keypoints, extracting 

descriptors, and matching descriptors. Several methods of filtering matches developed in order to improve the 

algorithm’s performance are also described. Section 3 presents the detailed statistics of each algorithm in terms of its 

runtime and accuracy. Section 4 provides the final implementation of the application and future work. 

 



 

477 
 

1.2. Related Work 

 

A common approach to object recognition is to use visual descriptors. The general idea is to represent images of 

objects with sets of signature descriptors that are invariant to scale, rotation, and lighting. An algorithm then uses these 

descriptors to compare and retrieve different known objects. Two of the most robust, efficient, and well-known 

methods are SIFT[1] (Scale-Invariant Feature Transform) and SURF[2] (Speeded-up robust features). These descriptors, 

however, require large computational power, which challenges their implementation in real-world applications. Many 

researchers proposed to solve this with binary descriptors such as BRIEF,[3] ORB,[4] BRISK,[5] and FREAK.[6] Several 

studies show that the binary approach can produce comparable retrieval efficiency with significantly higher 

speed.[7][8][9][10][11] This suggests greater potential for real-time applications, especially on mobile devices where 

computational power is usually limited. 

   As smartphones have become more ubiquitous and are getting more powerful for the last 20 years, many researchers 

focused their works on mobile platform. In 2000, Keith Cheverst et. al. presented the GUIDE system,[12] an electronic 

context-aware tourist guide that receives dynamic and positioning data via a wireless communications infrastructure. 

A field study on user reaction of tour guide app using GUIDE system was later done by Nigel Davies et. al. in 2005.[13] 

In 2003, Gausemeier and Bruederlin described a method of object recognition and tracking for augmented reality 

device.[14] The system relies on a database of 3D-models to determine the location and orientation of live objects. 

Within the last decade, there have been increasingly more studies that target landmark recognition directly, such as 

[15], [16], [17], [18], [19], and [20]. Some focus more on the recognition task itself while others also suggest tour 

guide applications for portable devices such as mobile phones or Google Glass.   

   This research extends the previous works in two ways. First, our software can be used for both buildings and posters, 

including academic posters, which are more challenging to retrieve due to large amount of text. Second, the system is 

implemented in an Android app and is capable of working offline without the need to send data to a remote server for 

computation.  

 

 

2. Methodology 

 

As mentioned above, the entire retrieval process is done locally on the device without involving any server. The 

application needs to carry out two main tasks – building the training library and identifying the query object. During 

the former, descriptors of all training images in the library are computed, and stored as files on the device. This task 

only needs to be done once. After that, whenever the application runs, the training library can be loaded directly from 

those files. The latter, image recognition, is executed at the user’s command. When an image is captured, its descriptors 

are computed using the same algorithm used to build the tour’s library. Then, each query descriptor is matched to a 

corresponding descriptor of a training image in the library. Different filters are also applied to improve the matching 

results. To retrieve the matching results, the matched descriptors are labeled by the training images they were extracted 

from. The best-matched image, which is the one that has the highest number of matched descriptors after being filtered, 

is returned as the result of the retrieval process. Once the image has been recognized, certain information, which can 

be attached to these training images, can be displayed to the user. 

 

2.1. Detecting Keypoints And Computing Descriptors 

 

Recognizing an object captured in a picture is quite easy for humans but relatively difficult for machines. Parts of the 

reasons are due to geometric transformations such as viewpoint change, scaling, and rotation. Pictures of the same 

object can have various sizes and shapes if taken at different angles and distances. Other challenges include change 

of lightning conditions and partial occlusions. A description needs to be found which can match the distinct features 

of an image with that of known objects in the database. The goal of this research is to make the image retrieval as 

robust as possible for specific objects, buildings and posters. Several detectors and descriptors were examined in order 

to find the most suitable one. The main process starts with a detector trying to detect the locations of important features 

in a query image such as corners. Then, a descriptor tries to describe these keypoints in a way that is invariant to 

lighting, scale, and rotation. Finally, a matcher, which is discussed in more details in Section 2.2, tries to match the 

query descriptors with the training ones to retrieve the correct object. This research focuses on binary descriptors, 

which are bit strings, for example, of length 32 as in ORB. Three different combinations of detectors/descriptors are 

investigated: ORB detector/ descriptor, FAST detector/ ORB descriptor, and BRISK detector/ descriptor. As 
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mentioned in Section 1.2, these descriptors are more favorable for mobile devices since they usually require less 

computation, less memory, and operate much faster than SIFT and SURF. 

 

2.1.1. FAST detector  
 

FAST[21] is a high-speed corner detector based on the Accelerated Segment Test (AST). The algorithm looks at a circle 

of 16 pixels in the neighborhood of a candidate point p to determine whether the point is a corner. Point p is detected 

as a corner or a feature if there exist n contiguous pixels in the circle that are all brighter than Ip + t or darker than Ip 

- t, where Ip is the intensity of point p and t is predefined threshold. The authors also use a machine learning approach 

with decision trees and non-maximum suppression, resulting in significant improvement in both the speed and the 

quality of detection process.  

   The combination of the FAST detector and the ORB descriptor has been being among the most commonly used due 

to the fact that ORB itself is developed from FAST keypoints. Thus, the result of this combination was also studied 

to compared to that of other algorithms. 

 

2.1.2. ORB detector/ descriptor 

 

ORB[4] is a combination of detector and descriptor that was created based on FAST and BRIEF (Binary Robust 

Independent Elementary Features).[3] It was developed by Ethan Rublee et al. in 2011 for real-time applications, 

aiming to outperform SIFT and SURF in terms of runtime but still possess equivalent matching efficiency.  

   The authors of ORB use FAST to detect the keypoints, apply a scale pyramid of the image to produce multiscale 

features, and filter the top N points using a Harris corner measure.[22] Unlike the original FAST, the ORB detector also 

uses Robin’s intensity centroid[23] to calculate corner orientation of the features. After the feature points are found, 

they extract descriptors with a modified version of BRIEF. Since BRIEF is originally dependent on the direction, ORB 

generates the steered BRIEF descriptors that are invariant to rotation using the orientation of the identified features. 

The final descriptors are binary strings created by comparing the intensities around the keypoints. 

 

2.1.3. BRISK detector/ descriptor 

 

Similar to ORB, BRISK[5] (Binary Robust Invariant Scalable Keypoints) is a binary keypoint detector/ descriptor 

inspired by the AGAST detector,[24] an accelerated version of FAST, and the BRIEF descriptor. To solve the scale 

invariance issue of FAST and AGAST, the BRISK detector searches for corners not only in the image plane but also 

across scale dimensions. It detects points of interest both in octave layers of the scale-space image pyramid and in 

layers in-between. Additionally, the algorithm examines the characteristic direction of the keypoints to obtain rotation 

invariance. Afterwards, the authors apply a sampling pattern of local points on concentric circles around each keypoint 

and compare the intensity values to generate a bit-string descriptor of length 512. Compared to high-performance 

algorithms like SIFT and SURF, BRISK offers comparable matching accuracy while using much less computation, 

resulting in significantly faster runtime.  

 

 

2.2. Matching Descriptors 

 

Since all the algorithms examined use binary descriptors, the matching for all combinations is done using the 

Hamming distance – the number of bits differing between two descriptors. For each query descriptor, a training one 

is called a match if its binary code is the most similar to that of the query. In other words, it would have the smallest 

Hamming distance to the query descriptor compared to other training descriptors. This search is done using brute-

force matching, which means comparing the query descriptor with each and every training one. This is a simple and 

fairly good method for a small database of descriptors, with a complexity of O(N), where N is the number of 

descriptors. 
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2.3. Optimizing The Recognition 

 

2.3.1. resizing input images 

 

Before the features are detected, all the input images, including both the training and the query, are scaled down to no 

more than 300 × 300 pixels. There are two reasons for this additional adjustment. First, by shrinking the pictures, 

irrelevant features can be eliminated. Since the main object of this application is building recognition, important 

features that define them are expected to be clear and easy to identify, while irrelevant ones tend to be small and 

insignificant. Thus, reducing the pictures’ size helps remove the noise while still preserving the distinctive keypoints 

of the buildings. Second, lower resolution means less keypoints in total. As long as the number of features is large 

enough to identify the buildings, a smaller set of keypoints helps lessening the program’s runtime and memory needs, 

which is critical for a mobile phone’s application. 

 

2.3.2. filtering matched results 

 

To make the application more robust and suitable for buildings, two filters are used consecutively. Both of these filters 

are applied to matched images returned by the descriptor matcher. First, the location filter, as the name suggests, takes 

advantage of the buildings’ and user’s locations to filter out the best matches. The program only compares query 

buildings with training ones that are 50 meters away or closer. Buildings further away are expected to be negative 

matches, and thus, filtered out. 

   Second, in the Best vs. Second Best filter (BSB), the relationship between the best and the second best matched 

buildings is taken into account to determine if the retrieving result is reliable. The software calculates the number of 

matched descriptors and names it as either Best or 2ndBest based on what building it belongs to. Then, the difference 

(Best – 2ndBest) and the ratio (Best – 2ndBest)/ Best is considered. A best match is a good match if its statistic satisfies 

the inequality: 

 

 

         Difference * Ratio > Threshold     (1) 

 

That is 

 

         (Best – 2ndBest) ^ 2 > Threshold * Best    (2) 

 

 

Based on experimental data, the default Threshold is chosen to be 5, which is fairly efficient, especially when 

combined with location filter. 

 

2.3.3. using color descriptor 

 

Using a color descriptor is an additional method for improving the performance of the program particularly on 

academic posters’ recognition. The binary descriptors described in Section 2.1 are extracted from grayscale images, 

which therefore describe a feature based on only the intensities of related pixels. When the objects of interest are 

academic posters, the images involve a great number of alphabet characters, which make it difficult for a machine to 

distinguish these posters. Thus, the binary descriptors were modified to exploit colors to identify images.  

   To do so, three one-channel images are created from the input image, using Red, Green, and Blue values of its pixels. 

The feature points are still extracted normally from the original image. This collection of keypoints is then used to 

generate Red, Green, and Blue descriptors from the one-channel images. In other words, every keypoint has three 

specific descriptors for its color channels. These descriptors are then concatenated to create one final color descriptor 

for that point. To increase the speed of computation and save memory, the length of each color descriptor is reduced 

from 32 to 16. Thus, the color descriptor after concatenation is of length 48. The new descriptor especially helps match 

academic posters since many of the differences depend on the colors. 
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3. Data and Discussion 

 

3.1. Database And Setup 

 

For the experiments, data sets of buildings and posters should cover a reasonable range of angles and distances that a 

user may take pictures from. Because no accessible database could be found that match our requirements, two data 

sets of Lafayette buildings and Lafayette posters were built. An additional data set of Caltech buildings was also used 

because of its availability, despite its lack of structure. 

 

3.1.1. lafayette buildings 

 

The main database used for evaluating the application’s performance is a set of pictures of Lafayette College’s 

buildings. Each building has 20 pictures captured from 5 angles and 4 distances. There are 10 different buildings, 

together making up a data set of 200 images. The different angles and distances are illustrated in Figure 1. Particularly, 

angle 0 refers to images taken directly in front of the buildings, while distance 0 indicates the distance where the 

buildings can fit mostly, if not entirely, into the pictures with the minimum amount of unnecessary background. Out 

of the 200, the 10 images of angle 0 and distance 0 are selected to be the training images. The query ones involve the 

other 190 pictures. The original resolution of these pictures is 4128 × 2322, but then reduced to 300 × 168 inside the 

application as mentioned in Section 2.3.1. Each image file also had the GPS location from which the image was taken. 
 

 

 

 
 

 
 

Figure 1. Perspectives of buildings. Figure 2. Example of Lafayette building 

 
Figure 1. Each dot represents a position from which a photo of the building was taken. The image at the red dot, 

located at angle 0 and distance 0, is used as the training image while the rest are query images. 

 

3.1.2. caltech buildings 

 

This data set contains 250 pictures of 50 buildings of California Institute of Technology.[25] Each building has 5 images 

with some variations of angles and distances. One of the five pictures is selected to be the training image for each 

building, while the other four are used as query images. Although the dataset is not organized by distance and angle, 

it is used as another way to verify the effectiveness of our algorithm. It should also be noted that since the location 

data of its images of buildings are not available, the location filter could not be used. The images’ resolutions are 

resized from 2048 × 1536 to 300 × 225. 

 

3.1.3. posters 

 

There are two sets of posters, including on-campus events and academic posters. These databases were built using 

data collected around Lafayette College’s campus. With posters as the objects, no location filter should be applied 

considering the fact that most of the posters in an event are often geographically near each other. 
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   For the event poster data set, there are pictures of 20 objects, including 20 training images and 60 query images from 

3 different angles. For the academic poster data set, the number of posters is 50 but each poster is only queried once. 

In other words, there are 50 training images and 50 query ones. All images are initially of size 4128 × 2322 and 

reduced to 300 × 168. 
 
3.2. Accuracy 

 

With the filters described in Section 2.3, a query image might result in no match when a building is unrecognizable. 

Hence two numbers are reported to measure the effectiveness of the algorithm. Matching rate is the percentage of 

images that were identified correctly. Accuracy is the percentage of images that were not labeled incorrectly 

(unrecognizable buildings are not considered labeled). Thus matching rate measures how often the correct label is 

returned while accuracy measures how often a wrong answer is returned (vs. no answer or a correct one). Different 

combinations of feature detectors and descriptor extractors have been examined to find the most suitable for the 

application.  

   Insights of how the program behaves without the location filter and with no filter at all are also presented. It is 

necessary to consider the efficiency of BSB filter alone since there may be cases where images’ locations are 

unavailable. Since all algorithms produce improvement when using the filter, this paper only shows the statistic for 

the FAST – ORB combination as an illustration. 

 

3.2.0. overview of the results 

 

 
Figure 3. Matching Rate (%) 

 
Figure 4. Accuracy (%) 

 
 

 
Figure 5. Improvement using filters (FAST - ORB) 

 
Figure 6. Improvement using color descriptors  

(FAST - ORB) 
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3.2.1. lafayette buildings 

 

For the Lafayette building dataset, the accuracies are calculated and provided in Table 1 and 2 using the structure in 

Figure 7. 

 

      Distance(m) 

      -5 

   T   0 

      5 

      10 

Angle - π/4 - π/8 0 π/8 π/4  
 

Figure 7. Accuracies at different positions 

 

The row indicates the distance from the building while the column denotes the angle from the front view. The training 

image is at position T. The other positions are the query images and have the distances and the angles relative to T. 
 

 

Table 1. Improvement of the accuracies when using filters with FAST - ORB (%) 

 

(%) No filter BSB filter Location and BSB filters 

A
cc

u
ra

cy
 90 90 100 90 70 

100 100 100 90 90 

100 100 100 70 70 

70 90 90 60 30 
 

100 100 100 100 100 

100 100 100 100 90 

100 100 100 90 90 

100 100 100 90 90 
 

00 100 100 100 100 

100 100 100 100 100 

90 100 100 100 100 

90 100 100 100 90 
 

A
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g
 

A
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. 

85.0 % 97.5 % 98.5 % 

M
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g
 

R
at

e
 

90 90 100 90 70 

100 100 100 90 90 

100 100 100 70 70 

70 90 90 60 30 
 

100 100 100 80 50 

100 100 100 90 70 

90 100 100 70 50 

60 80 80 50 20 
 

90 100 100 100 90 

90 100 100 100 90 

80 100 100 100 90 

90 100 100 100 90 
 

A
v

g
 

M
.R

. 

85.0 % 79.5 % 95.5 % 
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Table 2. Accuracies of different algorithms (%) 

 

(%) ORB – ORB FAST – ORB BRISK – BRISK 

A
cc

u
ra

cy
 100 100 100 100 100 

100 100 100 100 90 

90 100 100 100 90 

90 100 100 100 100 
 

100 100 100 100 100 

100 100 100 100 100 

90 100 100 100 100 

90 100 100 100 90 
 

100 100 100 100 100 

100 100 100 100 100 

90 100 100 100 100 

90 100 100 100 90 
 

A
v

g
  

A
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. 

98.0 % 98.5 % 99.0 % 

M
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g
 

R
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e
 

80 90 100 100 90 

90 100 100 90 90 

80 100 100 100 90 

80 100 100 100 80 
 

90 100 100 100 90 

90 100 100 100 90 

80 100 100 100 90 

90 100 100 100 90 
 

100 100 100 100 100 

100 100 100 100 100 

90 100 100 100 100 

90 100 100 100 90 
 

A
v

g
 

M
.R

. 

93.0 % 95.5 % 97.0 % 

 
 

3.2.2. caltech buildings (no location) 
 
Table 3. Improvement of the accuracies when using filter with FAST - ORB (%) 

 

(%) No filter 
Location and  

BSB filters 

Accuracy 48 93 

Matching rate 48 44 

 

Table 4. Accuracies of different algorithms (%) 

 

(%) ORB – ORB FAST – ORB BRISK – BRISK 

Accuracy 99.5 93 99 

Matching rate 62.5 44 64.5 
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3.2.3. posters with color descriptors 

 
Table 5. Improvement of the accuracies when using color descriptors with FAST - ORB (%) 

 

(%) 
Default descriptors 

(BSB filters) 

Color descriptors  

(BSB filters) 

Accuracy 40 98.5 

Matching rate 92 98.5 

 
Table 6. Accuracies of different algorithms (%) 

 

(%) ORB – ORB FAST – ORB BRISK – BRISK 

Accuracy 100 98.5 100 

Matching rate 98.5 98.5 98.5 

 
 

3.3. Timing 

  
The time to query an image was measured using an Android phone. Comparisons were made for both Lafayette and 

Caltech data sets. Generally, the ORB - ORB combination is faster than the other two. Especially in the case of Caltech 

buildings, its runtime is 3 times faster than FAST - ORB’s and 4 time faster than BRISK - BRISK’s.  

   The detection time was also recorded for color descriptors with Poster data set. The ORB keypoints and ORB 

descriptors remain the fastest combination of algorithms. Unfortunately, the time for computation is considerably 

higher than that of the original binary descriptors. This seems to be partly due to the greater length of the descriptors. 

The detailed statistics are displayed below.  

 
 

(ms) ORB – ORB FAST – ORB BRISK – BRISK 

Lafayette 844 1253 1071 

Caltech 436 1385 1771 

Posters 

(color descriptor) 
1704 2133 2118 

 

Table 7. Runtime of algorithms with different data sets (ms) 
 

Figure 8. Average runtime (ms) 
 

 

 

 

4. Application Outcome 
 

4.1. Implementation On Android Devices 
 
The application is implemented using Java and OpenCV. Its source code can be found online at OpenCVTour project 

on Github.[26] Based on the data from Section 3, the ORB detector/ descriptor was chosen to be implemented. 

   When the user builds the training library, descriptors are computed for all images in the database. These features are 

then saved as YAML files inside the device for matching images later. This helps avoiding repeated computation of 
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training descriptors. Under the user’s command, an image of a tour item, which can be a building or a poster, is 

queried. After extracting its features, the program decides whether that tour item matches with any from the library 

and displays the result to the user.  

 

4.2. Future Work 

  
In our program, the runtime of retrieving images is O(N), with N is the size of the training library, due to brute-force 

matching. That means the speed of the application is strictly related to the volume of its database. Therefore, the 

application is more suitable for small sets of data. For it to work efficiently with large data sets, other matching 

algorithms could be examined. Additionally, the color descriptor has a strong potential for improving image retrieval 

because it takes color factor into account. 

 
 

5. Conclusion 

 
With this research, different descriptors were compared in order to find the best performance for building and poster 

retrieval. Additional optimization methods have also been investigated to improve the program’s speed and accuracy. 

The algorithm was successfully implemented in an application called OpenCVTour for Android devices. The app 

offers users a tour-organizing tool that utilizes building recognition. It uses the ORB features with our optimization 

methods, including resizing images and filtering matching results.  
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