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Abstract. In this paper a probabilistic approach is considered to develop a 
methodology to solve the problem of estimation of the position of the observer. 
The base of this methodology is the appearance vision with which an 
environment map is constructed using Kernel PCA. For the experiments an 
image set is acquired in unknown locations in the same environment. The 
performance of Kernel PCA technique was tested according to the optimum 
dimension of the environment model and the quantity of images correctly 
classified using a Bayesian algorithm. To validate the results obtained with 
Kernel PCA the same experiments were performed with PCA and APEX 
techniques, then the results were compared showing that Kernel PCA has better 
performance than PCA and APEX.  
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1   Introduction 

One of the key tasks inside the systems of visual navigation is the estimation of the 
position of the observer, which allows an autonomous mobile robot to have constant 
feedback of its position regarding to a reference point in the environment. By means 
of this information a mobile robot can make more complex tasks like target pursuit or 
optimum route planning. 

The estimate of the position has been approached using geometric focuses that 
allow to estimate the observer position calculating the rotation and translation speeds 
[1], [2], [3], [4], [5], [6], [7], nevertheless this approach requires the consideration of 
restrictions in the environment conditions, for example, illumination conditions must 
be uniform. In this work we use a probabilistic focus; the base of this focus is the use 
of appearance based models, where the appearances of the environment depends on 
the positions – the location T:(x, y) and the orientation Ω –, from which the observer 
captures images. This finite set of images is used to create an environment model, 
against which the current appearance of the environment (a new captured image) is 
compared in order to estimate the current position of the observer.  

This approach has been applied to solve different problems, for example, object 
recognition [8], tracking of human figures [9] and face recognition [10]. However, the 
main complexity in this focus resides in the quantity of images (and the dimension of 
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these) employed to create the environment model. This problem has been overcome 
by means of the use of techniques of compression of images like PCA (Principal 
Components Analysis) [11].  

The contribution of this paper is the use of a variant of classic PCA known as 
Kernel PCA (Section 3 no. 2), which recently has been used to solve classification 
tasks, for example, face recognition [12], showing a better performance than classical 
compression techniques (PCA). In addition this technique is combined with a 
Bayesian algorithm and an Active Vision strategy (Section 3 no. 4), which allowed us 
to improve the obtained results. 

2   Formal Definition of the Egomotion Estimation from a  
     Probabilistic Approach 

A sequence of images of an environment is obtained from 1{ ,  ...,  }NT T T= different 

locations. In each one of them a set of images is captured 1{ ,...,  }pΩ = Ω Ω , where Ω  

is a set of the possible orientations from a T-esim location, each orientation is 
separated X degrees of the subsequent orientation, see Section 5.1, creating a database 
indexed by the N locations. This database is used to create an environment model by 
means of the technique of principal components analysis “Kernel PCA”. The 
probability that a new image AI  is obtained in the same environment (environment 

model) in a location Ti  and with certain orientation Ωj is given by eq. 1 [13].  

( : )j i A
p T IΩ  (1) 

Where jΩ  is the observer orientation in the environment iT  is the location of the 

observer (x, y) in the environment and I is an image captured by the observer in the 
current position in the environment.  

Using the equation (1) the problem of estimating the position of the observer can 
be solved as an image classification problem; this means, now the objective is to 
classify a new image (obtained by the observer in an unknown position) into a set of 
known images.  

Considering the a priori information (environment model) the current observer 
position ( : )j iTΩ  can be recovered, rewriting the equation (1) by means the Bayes 

theorem ( | : )A j ip I TΩ  as it is shown in the (Section 3 no. 4). 

3   Solution Methodology 

The solution methodology consists of four steps (Fig. 1). 

1. - Capture of images: The locations (T) and the orientations (Ω) are defined for 
the capture of the gray tone images. These images are indexed for location so a 
location contains all the possible appearances of the environment from that specific 
point; that means, the appearance of the environment from a location Ti is captured 
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rotating the camera X degrees and captures an image in each turn until completing the 
360º. The obtained images are of dimension 60 x 60, each of those are vectorized, the 
resulting images are m-dimensional (m = 60 x 60), 1,..., m

nx x ∈ . 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Solution methodology 

2. – The model of the environment: In order to deal with the amount of images and 
the dimensionality to them, the Kernel PCA technique was used. The basic idea of 
this technique is to find a map function to a space of characteristics (generally of 
greater number of dimensions), which allows to simplify the classification. The 
disadvantage is that the problem gets complicated when increasing the number of 
dimensions in that the original data are represented. However, by means of the use of 
the functions Kernel we can obtain the advantages in the classification without the 
need of having to use or knowing the map function [14], this means, the work is 
directly done in the characteristics space by means of the map function as follows: 

Applying the Kernel PCA technique the information is taken from the input space 

1,..., m
nx x ∈  to a space of characteristics F by means of a function of non-linear 

mapping and later the linear PCA is applied in F. The covariance matrix is calculated 

1
1 ( ) ( )

n T
j jj

C n x x
=

= Φ Φ∑ , and the principal components are calculated solving the 

Eigenvalue problem, calculating the eigenvalues 0λ ≥  and the eigenvectors  \ {0}V  

and solving 
1

1 ( ( ) ) ( )
n

j jj
V CV n x V xλ

=
= = Φ Φ∑ . 

Every solutions of V with  0λ ≠  are inside of the mapped data set, for example, 

1{ ( ), ( )}..., nV span x x∈ Φ Φ this is expressed by means of 
1

( )
n

i ii
V xα

=
= Φ∑ . By 

multiplying both sides of V CVλ =  by ( )kxΦ  (to 1,...,k n= ) the eq. 5 is obtained.  

( ( ) ) ( ( ) )k kx CV x CVλ Φ ⋅ = Φ ⋅  (2) 
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Substituting the values of C  and V  in eq. 2 and considering a n n×  matrix 
( , ) ( ( ) ( ))ij i j i jK k x x x x= = Φ ⋅ Φ , the resulting equation can be reduced to 2n K Kλ α α= , 

whereα represents the column eigenvectors. In order to obtain the solutions of the 
equation 2 the eigenvalue problem n Kλα α=  is solved for nonnegative eigenvalues. 

Once obtained the new space F it is necessary to centre the projected data (by 
means the kernel function K) using the following equation 

1 1 1 1n n n nK K K K K= − − +  [15], where (1 ) 1/n ij n=  that is a measure of proportion 

necessary for the normalization of K, and n is the number of elements of the main K. 
Now that we already have centred the data in F we calculate the λ’s eigenvalues of 

the matrix K, with their corresponding α’s eigenvectors. It is defined the optimal 
number of principal components to carry out the projection by means of this equation 

1 1
60%

p n

i ii i
λ λ

= =
=∑ ∑ , which represents a variation percentage used in this work for 

the reconstruction of the original space, in this case 60%, and p the number of 
necessary main components to obtain variation percentage. 

To obtain a reduction of the images (matrix K), in terms of the edges 
(eigenvectors) that represent 60% of the space original, a projection function is 
applied multiplying the eigenvectors by the matrix K. T

i i= (K)Y λ , where 1,...,i p=  

are the vectors and iY  represent the images projected to the principal axes in the space 

of characteristic F. 
3. Captures of a new image: To test the classification a new image is captured in a 

different position to those of the obtained model, but in the same environment. With 
the purpose of being able to compare this image with those of the model the new 
image is projected to the eigenspace calculated by means of eq. 3. 

1
( ) ( ) ( ( )) ( , )

pn n
n i ii

kPC x V x k x xα
=

= ⋅Φ =∑  (3) 

4. Bayesian Algorithm with an Active vision strategy for searching in F: The 
probability of generating a vector image Y (random variable Y) in the eigenspace 
starting from a localization Ti and an orientation Ωj  of the robot in a continuous 
environment (because the number of positions in the environment is infinite) is given 
for ( | , )i jP Y T Ω . By means of the rule of Bayes we can calculate the probability that 

the robot is in a position (localization and orientation) starting from an image YA in the 
eigenspace:  

( , | ) ( | , ) ( , ) ( | , ) ( , )i j A A i j i j A i j i jij
P T Y P Y T P T P Y T P TΩ = Ω Ω Ω Ω∑  (4) 

Where ( , )i jP T Ω is the a priori probability of the location Ti and orientation Ωj. 

Because the projected data to the eigenspace are samples taken from a population 
where it was considered the same mean (environment mean) and the same covariance 
matrix, by means of the central limit theorem is considered that their probability 
distribution approaches to a multivariate normal distribution. This allows us to 
calculate the probability ( | , )A i jP Y T Ω by means of the eq. 5, considering as centre an 

image of the database (image projected to the eigenspace) 
i iTY Ω . 



 Egomotion Estimation as an Appearance-Based Classification Problem 747 

1 / 2 1/ 2
, ,( | , ) exp[ 1 2( ) ( )] 2 | |

i j i j

T k
A i j A T A TP Y T Y Y Y Y− −

Ω ΩΩ = − − Σ − Π Σ  (5) 

This formula allows us to know the distance between the vector AY  and a known 

vector in the database ,i jTY Ω . The probability that the robot is in a position Ti, starting 

from an image Y observed from a localization Ti and an orientation Ωj  can be 

calculated by means of ( | ) ( | , ) ( , )A i A i j i jij
P Y T P Y T P T= Ω Ω∑ . 

Applying the Bayes rule we can obtain the probability distribution of the 

independent location of the orientations ( | ) ( | ) ( ) ( | ) ( )i A A i i A i ii
P T Y P Y T P T P Y T P T= ∑ . 

If the probability of the observation overcomes a defined limit (50% of probability) 
the robot is assigned to that position, otherwise an active vision strategy is used, 
active vision basically says that in accordance with the necessities are the actions 
taken, if the new image does not obtain a bigger probability than 50% (that which 
indicates that the current information is insufficient) a rotation movement of (X°) is 
performed in order to obtain a new probability of a new image besides considering the 
current information:  

( | , ) ( , | ) ( ) ( , | ) ( )i A B A B i i A B i ii
P T Y Y P Y Y T P T P Y Y T P T= ∑  (6) 

Considering that YA and YB are conditionally independent events the equation 6 is 
rewritten as follow: 

( | , ) ( | ) ( | ) ( ) ( | ) ( | ) ( )i A B A i B i i A i B i ii
P T Y Y P Y T P Y T P T P Y T P Y T P T= ∑  (7) 

The success condition is that the obtained probability overcomes the defined limit, 
or the number of images settled down by location are captured until reaching the 360º, 
if these conditions are not completed it is determined that the current position of the 
robot is unknown. 

4   Experiments and Results 

4.1   Algorithms for the Validation of the Proposed Method 

To measure the efficiency of the results obtained of the proposed techniques for the 
performance in the compression of the data we will use the results obtained by two 
techniques: Linear PCA which has been employed in the solution of the problem of 
the estimate of the position [16] considering a covariance matrix between the pixels, 
and APEX which although it has not been proven in this problem, possesses an 
important characteristic, according to its authors that it is the adaptation, that allows 
us to optimise the process of the extraction of the main components [17] [18], the 
results of the experiments are shown next. 

Basically two types of experiments were carried out. The variations among the 
experiments consist in: the quantity of positions, initial orientation in the positions as 
well as the distance between each one of these. The quality of the solutions was 
measured according to the precision in the classification, that means, the number of 
test positions were classified in the positions of the environment model. 
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4.2   Experiment 1 

Conditions for the creation of the environment model. In order to not capture the 
information repeatedly, pixels variations from 50 to 70% were searched in the 
consecutive images, for this, 12 locations were defined with “1 distance meter” 
among each one of them. In each one of the locations the robot rotates 360° with the 
objective of capturing with the camera all the possible appearances of the 
environment from the current location. It was defined that the rotation intervals to 
capture an image are of 20°, this way, when we refer of orientations we refer to the 
20° that the robot should rotate before stopping, once detained a new image is 
captured, this image belongs to the location Ti and orientation Ωj  (see Fig. 4-a). 

Table 1. Results of the realized tests in experiment 1. N.C. means that the test position was not 
classified in a position of the environment model. 

PCA A K
Pr

PEX ernel PCA
Test Images Real Positions Estimation Classification Estimation Classification Estimation Classification

1 1 or 2 2 Correct 1 X 2 Correct
2 3 or 4 N.C. X 12 X 5 X
3 5 or 6 N.C. X 3 X N.C. X
4 7 or 8 N.C. X N.C. X 4 X
5 9 or 10 11 X N.C. X N.C. X
6 10 6 X N.C. X 10 Correct
7 11 or 12 N.C. X N.C. X N.C. X
8 8 or 9 8 Correct 12 X 8 X
9 7 or 6 N.C. X N.C. X 7 Correct

Learning Peercentage 22,22% 0,00% 33,33%

ecisionof the Algorithms intheClassification
P A A K A

E .
C PEX ernel PC

Number of PC 11 26 9
Time to calculate the PC 10minutes 15minutes 4minutes
Time to classify a test image 1,36secs. 1,42secs. 1,3secs.

ficiency: Principal Components (PC)

 

To prove the compression techniques as well as the classification algorithm the 
robot was positioned in 9 unknown random locations and initial orientation, but 
within the same environment, and the same process of compression of images was 
applied. The random positions allowed us to simulate the real conditions in which the 
position estimation would be done. The results in the experimentation are shown in 
the Table 1.  

 
 

 
 
 
 
 
 
 
 
 
 

Fig. 2. Inconsistency in the classification. Y1 Image belongs to the position 5 with 300º 
orientation, Y2 Image belongs to position 7 with 320º of orientation. Test Image acquired 
between the position 5 and 7 with 310º of orientation. 

          
(YA)

    
(Y2) 

  
(Y1) 
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In the percentages of correctly classified images the superiority of the Kernel PCA 
technique is appreciated with 33.33% in comparison with 0% (APEX) and 22.22% 
(PCA). Also the number of components required for the 60% reconstruction, and the 
time to calculate them was smaller using the Kernel PCA technique, because as is 
shown in the methodology, the matrix dimension employed to calculate PCA are of a 
smaller dimension (n x n in the Kernel PCA (by means of a covariance among 
images) instead of m x m (covariance among pixels of the images) in the PCA and 
APEX, where n is the quantity of images and m is the pixel number in each image) 
using the technique Kernel PCA. 

The reason for which the classification percentages were very low is: the variation 
that existed in the pixels of the images was such that in occasions only 30% of  
the image coincided with the next one, this produced ambiguity in calculating the 
ownership from an image to a well-known position. For this reason when varying the 
initial orientation in the test images the possibility that the test images did not coincide 
with some of the database increased; since the pixels of the test image could belong in a 
part to the beginning of an image and the rest to the final-center of another different 
image (see Fig. 2). 

4.3   Experiment 2 

The solution proposed for the problem in the experiment 1 is by means of the reduction 
of the pixels variation between an image and another, reducing the turn angle in each 
position (orientation angle in the positions), this way instead of having variations of 
between 50 and 70%, variations of between 25 and 35% were obtained. To achieve this 
new positions (27 in total) and orientations (24 in total) were defined, the positions now 
would take half a meter with 15° turns in each one of them, this allowed us to reduce the 
variations among the images. The distribution of the positions is shown in the Fig. 4-b. 
The results obtained in the experiment 2 are shown in the Table 2. 

Table 2.  Results of the realized tests in experiment 2. N.C. means that the test position was not 
classified in a position of the environment model. 

PCA APEX Kernel PCA
Test Images Real Positions Estimation Clasification Estimation Clasification Estimation Clasification

1 5 or 6 2 Correct 5 Correct 5 Correct
2 5 or 8 N.C. X 8 Correct 5 Correct
3 8 or 11 11 Correct 3 X 11 Correct
4 12 12 Correct N.C. X 12 Correct
5 14 or 17 11 X N.C. Correct N.C. X
6 17 or 18 or 19 10 Correct N.C. X 10 Correct
7 20 or 23 N.C. X N.C. X 23 Correct
8 23 or 22 or 27 8 Correct 1 X 22 Correct
9 25 or 26 N.C. X 12 X 19 X
10 20 or 21 20 Correct 23 X 20 Correct
11 17 or 16 2 X 16 Correct N.C. X
12 14 or 15 11 X N.C. X 15 Correct
13 10 or 11 15 X 10 Correct 10 Correct

Learning Percentage 46,15% 38,47% 76,98%

Precision of the Algorithms in the Classification
PCA APEX Kernel PCA

Number of PC 15 33 7
Time to calculate the PC 13 minutes 19 minutes 8.4 minutes
Time to classify a test image 2,26 secs. 2,43 secs. 2,21 secs.

Eficiency: Princial Components (PC).

 

With a time average of classification of 2.64 seconds in each image, this time 
increased (according to the time classification average in the experiment 1) because 
the number of images was increased from 216 to 648. Although the quantity of 
images in the model increased, the precision of the three algorithms was also 
increased.  
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To show the operation of the classification Bayesian algorithm in the Fig. 1 the 
behaviour of the probabilities of ownership of the position of test 8 is shown as 
mentioned in Table 2 in experiment 2. In this position an image was captured with 
random initial orientation (8°), the initial orientation is different to the initial 
orientation of the positions in the model, the calculated probability did not overcome 
the established threshold (50%), for this reason strategy of active vision was applied 
to register more information of the environment by means of capturing a new image 
in the same position but now in the orientation 1, rotating the robot 360/24º. 
Combining the information of the first one with the second image it is possible to 
overcome 50% of ownership in the position 22 although the biggest probability of 
ownership in the first image was obtained in the position 8 of the model (see Fig. 3). 
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Fig. 3. Probabilities of Ownership for the classification of the position of test 8. The graphic 
shows the behaviour of the Bayesian algorithm, in the first stage (initial orientation) the success 
condition wasn’t reach; the active vision strategy was performed and a second image was taken. 
Considering all the available information (the two images), the ownership probability was 
computed. The result is the classification of the current position of the robot into the twenty-
two position in the environment model. 

 
 
 
 
 
 
 
 
 
 
 
 
 
                                                                     a)       b) 

Fig. 4. Situation of the environment for the experiment 1 (a) and experiment 2 (b), the arrows 
indicate the orientation of the test positions. The numbers in the stalls indicate the position in 
the environment. The arrows indicate the initial orientation in each test position. 
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5   Conclusions 

The results obtained in the experimentation show that the Kernel PCA technique 
allowed us to improve the acting (bigger percentage of correct classifications, smaller 
time of calculation and number of required principal components) of the algorithms 
PCA and APEX. It can bee easily seen that the algorithm APEX requires more time to 
calculate the eigenvalues and the eigenvectors and the resulting components are not 
completely orthogonal, this explains the biggest quantity of necessary components to 
achieve the percentage. 
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