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Abstract: Vocabulary tree based place recognition is widely used in topological localization and its various applications 

have been proposed during the past decade. However, the bag-of-words representations from the vocabulary tree, which is 

trained with fixed training data, are difficult to be optimized to dynamic environments. To solve this problem, an adaptive 

vocabulary tree has been proposed, but there has been no comparison considering the adaptive properties of the conven

tional vocabulary tree. This paper provides a performance evaluation of the vocabulary tree and the adaptive vocabulary 

tree in dynamic scenes. This analysis provides guidance for choosing appropriate vocabulary in robot applications. 
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1. INTRODUCTION 
As the robot industry is developing rapidly, the de

mands for robots are also increasing. These robots need 

to know the current position for doing many tasks, for 

example, indoor service. However, it is difficult for the 

robot to use a GPS sensor to recognize its own location, 

because the robot usually works in an indoor environ

ment. As the GPS sensor is unhelpful in indoor situa

tions, we can use visual information to recognize posi

tion. This problem is called "visual-SLAM" (Simultane

ous Localization and Mapping). One of the most signifi

cant requirements for visual SLAM is robust place recog

nition [1]. In recent years, several algorithms for com

paring images as numerical vectors in the bag-of-words 

model have been introduced [2]. This model results in 

very effective and quick image matches [3], [4]. 

The vocabulary tree ( VT) [3] is a simple and powerful 

method for image indexing and retrieval, but many meth

ods based on the bag-of-words model needs an offline 

training step. It is built with prepared training images. 

This kind of pre-processing is inefficient and requires 

prior knowledge about the given environment. The static 

representations from the vocabulary tree, which is trained 

with fixed training data, are difficult to be optimized 

to dynamic environments. To overcome these prob

lems, an adaptive vocabulary tree (AVT) approach [4] has 

been proposed. The adaptive vocabulary tree incremen

tally and continuously adapts vocabularies with incoming 

database images. In [4], T. Yeh et al. simply showed that 

the performance of the AVT declines as the vocabulary 

stops adapting, so they concluded that the conventional 

VT cannot be used with incoming images. Even though 

the AVT is robust against dynamic environments, for up

dating the vocabulary tree, it needs additional memory for 

maintaining training data and the computational burden. 

The aim of this work is to provide an evaluation of the 

adaptive properties of the dynamic data and guidance for 

choosing between the VT and the AVT according to ap

plications. We evaluate the standard VT and the AVT in 
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terms of the building time, indexing time, storage size and 

recognition performance in dynamic environments. The 

remainder of this paper is organized as follows: prelimi

nary information is presented in section 2, the framework 

for evaluation is explained in section 3, then in section 4 

we discuss some experimental results, and conclude this 

paper in section 5. 

2. PRELIMINARY 
Bag-oj-words model In the field of image recogni

tion, the most popular method is the bag-of-words model 

which was proposed in 2003 by Sivic et al [2]. In this 

model, some representative features are defined by clus

tering whole features in the training images. These are 

called visual words. Then an image can be represented as 

a histogram vector indicating the number of visual words 

in the image. A set of visual words is called a codebook 

or visual vocabulary. The performance of retrieval de

pends heavily on the distinctiveness of the vocabulary. 

Distinctiveness oj vocabulary The simplest way to 

make a more distinctive vocabulary is to make a large 

vocabulary. As more visual words are obtained, a cell 

represented by a visual word becomes smaller. Then the 

loss of information caused by quantization is reduced. In 

other words, an image can be represented using more vi

sual words. Thus, some images can be distinguished by 

a large vocabulary (Figure 1). That is to say, a histogram 

vector using more distinctive vocabulary might be more 

distinguishable. Thus, the distinctiveness of vocabulary 

is estimated by retrieval accuracy. However, a flat vocab

ulary, which is made by conventional k-means cluster

ing, requires more time to make a large vocabulary and 

to search corresponding visual words using a large vo

cabulary. Thus, it is difficult to make a flat vocabulary 

large. 

Hierarchical Vocabulary Tree In order to make a large 

vocabulary efficiently and to use it, D. Nister proposed a 

hierarchical vocabulary tree[3]. In [3], clusterings to get 

a small number of visual words compared to the number 
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Fig. I (a) Less distinctive vocabulary (b) More distinc

tive vocabulary. Using more distinctive vocabulary, 

two images could be distinguishable. 

of whole visual words are performed recursively, thereby 

a hierarchical tree is obtained as a vocabulary. In this 

way, more visual words are made quickly and it requires 

a much shorter time to represent an image as a bag-of

words histogram compared to a linear search. 

Adaptive Vocabulary Tree According to Yeh et al. [4], 

a fixed vocabulary model is inadequate in a dynamic envi

ronment. They argued that adapting to new data is helpful 

for improving performance in a dynamic environment. In 

their approach, a dynamic environment means that object 

categories or scenes are not yet determined. Adapting is 

a re-clustering process when there are many features at 

the leaf node. 

Basic Image Retrieval Framework The image re

trieval framework we used follows the bag-of-words 

model. This means that we use some kind of vocabulary 

to represent an image as a numerical vector. The retrieval 

framework consists of three steps, learning a vocabulary, 

creating a database, and retrieval. First, the vocabulary is 

learned by clustering local features. Then dataset images 

are represented as histogram vectors using the learned 

vocabulary. Finally, in the retrieval step, a query image 

is also represented as a histogram vector and the closest 

vector in the dataset vectors is found using some kind of 

distance. For speed-up of the retrieval time, an inverted 

file structure is used. [3] 

3. EVALUATION FRAMEWORK 
We use a SIFT descriptor [5] which was proposed by 

D. Lowe and is the most popular descriptor. To compare 

the distinctiveness of vocabularies, we employ the image 

retrieval framework which is a solution of the topological 

localization of a robot. We also check the times needed 

to build a vocabulary and to index images, which means 

a query image is represented by a vector. In addition, we 

consider memory occupancy. 

We use ukbench[3] for the dataset and oxford5k[7] for 

vocabulary learning. These are the most popular datasets 

in image retrieval. The ukbench consists of 10,200 im

ages such as book covers, pictures, and household items. 

The images include 2,550 objects and undergo some 
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transformation such as rotation and scaling. Thus, each 

object appears 4 times in the ukbench dataset. Consider

ing the scale of the robot application, we select 1,000 im

ages for our experiment. The oxford5k consists of 5062 

images including particular oxford landmarks. We use a 

subset of oxford5k for the learning vocabulary. 

In our experiments, 1,000 images in ukbench are uti

lized as a database and the same images are also used for 

queries. For learning a vocabulary, static and dynamic 

environments are considered. The static environment is a 

situation in which we already know what images should 

be recognized, so that we build a vocabulary using target 

images. In this case all features in the dataset are already 

known, so the most representative visual words can be 

made. On the other hand, a dynamic environment means 

that the task is not yet determined, so we use some images 

not included in the database images to build a vocabulary. 

In the case of the AVT, the first step is omitted. The AVT 

is learned simultaneously using database images in the 

second step. 

We evaluate the adaptiveness of a static vocabulary 

in a dynamic environment. In addition to the distinc

tiveness of vocabulary, memory occupancy and compu

tational time are also important due to a limitation of re

sources in robot applications. Thus, we evaluate two vo

cabularies on the basis of retrieval accuracy, the compu

tational time and memory occupancy. 

Parameters of AV T Figure 6 represents the perfor

mance of AVT at various parameters. For fair compar

ison, 100 for C and 0.5 for S are selected to the best pa

rameters. 

Parameters of V T  We follow general parameter of vo

cabulary tree, 10 for branch factor and 6 for level. 

4. EXPERIMENTAL RESULTS 
This section presents the results of experiments that 

compare the vocabulary tree ( VT) proposed by Nister[3] 

with the adaptive vocabulary tree (AVT) proposed by 

Yeh[ 4]. In general, a large vocabulary that contains many 

visual words makes image vectors more discriminative. 

For a fair comparison, we fixed size of the vocabulary 

trees. First, we experimented with the recognition rate 

indicating the distinctiveness of the vocabulary. Next, to 

determine a more efficient vocabulary, we analyzed the 

storage size with respect to the recognition rate. Finally, 

we compared the computation time over the size of the 

vocabulary. Because there is a trade-otf between the size 

of the vocabulary and the computation time, it is impor

tant to analyze the computation time. In our experiments, 

we considered the static environment and the dynamic en

vironment. Our experiments provide guidance for a more 

appropriate vocabulary in robot applications. 

4.1 Recognition Rate 
As shown in Figure 2, when the size of one vocab

ulary was similar to the size of another vocabulary, the 
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VT was more distinctive than the AVT in a static envi

ronment. The VT was made using all the features in all 

the images, thereby the more representative features be

came visual words. In this way, the VT achieves a better 

performance. However, if the size of the AVT increased, 

it also had good accuracy. In a dynamic environment, 

when the size of the vocabulary was less than 100,000, 

the VT, which was learned using unseen images such as 

in Oxford5k, was a little bit more accurate than the AVT. 

However, if the vocabulary was large enough, the AVT 

was better, because, the vocabularies learned by unseen 

images might include many unnecessary visual words. In 

this case, even if the vocabularies were large, accuracy 

remained the same. On the other hand, the AVT contin

ued to adapt to new data. For this reason, the larger AVT 

had more accurate results. As Nowak mentioned regard

ing a vocabulary made by unseen images [6], when we 

used Oxford5k images to build a vocabulary, the recogni

tion rate was not significantly different from others. That 

means that the VT, which is made by sufficient features, 

could be distinctive enough to use in a dynamic environ

ment. 
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4.2 Storage Size 

i 

! 

Storage size is the sum of memories for a vocabulary 

tree and additional information. The VT does not need 

additional information, but the AVT needs to keep all the 

input features for re-clustering, which is called adapting, 

so that the AVT is bigger than the VT. (Figure 3) 

4.3 Computation Time 
One of the differences between the VT and the AVT 

is computation time. The VT needs an offline building 

process. (Figure 4) On the other hand, the AVT was de

signed to adapt to new data, so the AVT does not need 

any pre-processing. This might be one of the advantages 

of the AVT. Instead, it has another burden: the online 

processing time. As shown in Figure 5, because the AVT 

continuously adapts to new data, it takes more time to 

represent an image as a vector. Therefore, it is an issue: 

whether we spend time offline or online. 

5. CONCLUSION 
There are some methods for building a good vocab

ulary tree. To deal with a dynamic environment, the 

AVT was proposed. However, more concrete analysis is 

needed for an environment with limited resources, such 

as a robot application. In this paper, we evaluated the 

VT and the AVT in terms of distinctiveness, memory and 

time efficiency in static and dynamic environments. The 
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AVT copes with a dynamic environment by adapting to 

new data, so that it does not need any batch process and 

it becomes a more distinctive vocabulary. However, to 

adapt to new data, the AVT must hold all the features and 

be re-clustered continuously. Thus, it needs more mem

ory and has an online burden. Furthermore, according 

to the results of Oxford5k experiments, the VT made by 

sufficient features is distinctive enough. In conclusion, 

if batch processing is not available in a dynamic envi

ronment or accuracy may have a high priority, the AVT 

seems to be more appropriate. If having limited resources 

is a significant issue, the VT seems to be better. 
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