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Abstract

In a cognitive vision system, learning is expected
to be a continuous process, which treats input im-
ages and pixels selectively. In this paper we present a
method for subspace learning, which takes these con-
siderations into account. First, we present a general-
ized PCA approach, which estimates the principal sub-
space considering weighted pixels and images. Next,
we propose a method for incremental learning, which
sequentially updates the principal subspace. Finally,
we combine these two techniques into a unified method
for weighted incremental subspace learning.

1. Introduction

Learning representations of objects and scenes is
an essential part of any cognitive vision system. In
the real world, learning is usually a continuous, never-
ending process, thus requiring incremental methods
for updating previously learnt representations. In
addition, one can also expect that previous experi-
ence, prior knowledge, and the information obtained
by higher-level cognitive processes affect the level to
which a newly encountered training images are incor-
porated in the representation. Therefore, a learning al-
gorithm should enable a selective influence of train-
ing images as well as pixels in individual images to
the process of learning. In this paper we present a
method, which takes these considerations into account
and builds representations of objects and scenes using
a weighted incremental approach.

Often, learning is approached as appearance-based
modelling of objects and scenes, which is commonly
realized using Principal component analysis (PCA).
However, in the standard PCA approach, all pixels of
an image receive equal treatment. Also, all the train-
ing images have equal influence on the estimation of
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the principal axes. In this paper, we present a gener-
alized PCA approach, which estimates principal axes
and principal components considering weighted pixels
and images.

In addition, the standard PCA approach is usually
performed in a batch mode, i.e., all training images
are processed simultaneously, which means that all
of them have to be given in advance. This is inad-
missible in an on-line scenario, where the images to
be processed are obtained sequentially. In this paper
we propose a method for incremental learning, which
processes images sequentially one by one and updates
the principal subspace accordingly. Finally, the algo-
rithm for weighted learning is embedded in this incre-
mental framework, resulting in a weighted incremental
method.

A number of methods for estimation of principal
axes in the presence of data with varying reliability and
missing data have already been proposed [4, 16, 3, 12],
however, all of them operate in a batch mode. Several
algorithms for incremental learning have been pro-
posed as well [5, 6, 2], but they are not suitable for
weighted learning. One exception is the method for in-
cremental learning with temporal weighting proposed
by Liu and Chen [9]. However, their method consid-
ers only a special case of temporal weights. In con-
trast, we propose a novel method for weighted and in-
cremental learning, which considers arbitrary tempo-
ral and spatial weights.

The paper is organized as follows. First, we briefly
outline the standard PCA and expose its drawbacks.
Then, we present the batch weighted method. In sec-
tion 4, we propose a method for incremental learning.
We combine both techniques in a weighted incremen-
tal method in section 5. Then, we present the experi-
mental results. Finally, we discuss some issues related
to the proposed method and summarize the paper.

2. Standard PCA

In this section we briefly outline the standard
PCA and introduce the notation. Let xi =



[x1i; : : : ; xMi]
> 2 IRM be an individual image rep-

resented as a vector and X = [x1; : : : ;xN ] 2 IRM�N

the matrix of all training images. For further process-
ing, we create the mean normalized data matrix X̂ by
subtracting the mean image � = 1

N

PN

i=1 xi from the
input images.

Principal axes are traditionally obtained by max-
imizing the variance in their directions by perform-
ing the eigendecomposition (or, similarly, the singular
value decomposition) of the covariance matrix (or, al-
ternatively, the inner product matrix) of the input data.
We will denote the eigenvectors (principal axes) by
ui = [u1i; : : : ; uMi]

> 2 IRM ; U = [u1; : : : ;uN ] 2
IRM�N . The columns of U, i.e., the eigenvectors, are
arranged in a decreasing order with respect to the cor-
responding eigenvalues. Usually, only k, k < N ,
eigenvectors with the largest eigenvalues are needed
to represent x̂ to a sufficient degree of accuracy as a
linear combination of eigenvectors:

~x =

kX
j=1

ajuj = Ua ; (1)

where ~x denotes the approximation of x̂. The entire
set of images X̂ can thus be represented as ~X = UA

where A = [a1; : : : ; aN ] 2 IRk�N consists of coef-
ficient vectors ai = [a1i; : : : ; aki]

> 2 IRk. A coef-
ficient vector characterizing an image is traditionally
calculated by a standard projection of the input image
into the eigenspace a = U

>
x̂ , that is by projecting

the image to each principal vector:

ai =< x̂;ui >=

MX
j=1

ujix̂j ; i = 1 : : : k : (2)

The standard formulation of PCA allows neither to
treat images or pixels sequentially nor selectively. The
calculation of the covariance matrix and the standard
projection (2) require that all training images are pro-
cessed simultaneously and that all pixels are treated
equally. In order to achieve a selective influence and
enable incremental learning, we will take a different
approach to calculating PCA.

3. Weighted PCA

It is well known that PCA minimizes the squared
reconstruction error between the input images and the
reconstructed images, thus minimizing the following
function:

E =

MX
i=1

NX
j=1

 
x̂ij �

kX
l=1

uilalj

!2

: (3)

Therefore, the principal axes and principal compo-
nents can be obtained as a solution of this minimiza-
tion problem. The minimization can be performed by

iterating the two step procedure where first the coeffi-
cients are estimated and then the principal vectors are
computed.

Roweis has derived such an algorithm from the
probabilistic point of view [11]. He has considered
PCA as a limiting case of a linear Gaussian model,
when the noise is infinitesimally small and equal in
all directions. From this observation he has derived
the algorithm for calculating principal axes, which
is based on the EM (expectation-maximization) algo-
rithm. This algorithm consists of two steps, E and M,
which are sequentially and iteratively executed:

� E-step: A = (U>
U)�1U>

X̂

� M-step: U = X̂A
>(AA>)�1 :

The initial solution for principal axes can be deter-
mined using some other method or simply by setting
the elements of U to random values. At convergence,
the columns of U span the space of the first k prin-
cipal axes, minimizing Eq. (3). These vectors are, in
general, not orthogonal, but, when desired, they can be
orthogonalized later.

Now, we will adapt this algorithm to the weighted
minimization by introducing weights into Eq. (3). The
weights are composed in the matrix W 2 IRM�N ,
where wij is the weight of the i-th pixel in the j-th
image. The goal is to minimize the weighted squared
reconstruction error

E =

MX
i=1

NX
j=1

wij

 
x̂ij �

kX
l=1

uilalj

!2

: (4)

Here, the values of the matrix X̂ are obtained by sub-
tracting the weighted mean vector � from the training
images xi. The elements of the mean vector are calcu-
lated as

�i =

PN

j=1 wijxijPN

j=1 wij

; i = 1 : : :M : (5)

Since Eq. (1) holds for each image pixel x̂ i, the co-
efficients aj can also be computed by solving an over-
constrained system of linear equations

x̂i =

kX
j=1

ajuij ; i = 1 : : :M ; (6)

in a least-squares sense, where x̂i and uij are known
and aj unknown variables [8, 14]. The E-step of the
described EM algorithm can also be replaced by solv-
ing the system of linear equations (6). This can be ob-
served by noting that ai = (U>

U)�1U>
x̂i = U

y
x̂i.

The least squares solution of (6) is equivalent to the
pseudo-inverse. A very similar observation holds also
for the M-step. Therefore, by considering weights, we
can perform the EM-algorithm by iteratively solving
the following systems of linear equations:
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� E-step: Estimate coefficients in A in the follow-
ing way: For each image j, j = 1 : : :N , solve the
following system of linear equations in the least
squares sense:

p
wij x̂ij =

p
wij

kX
p=1

uipapj ; i = 1 : : :M :

(7)

� M-step: Estimate principal axes in U in the fol-
lowing way: For each pixel i, i = 1 : : :M , solve
the following system of linear equations in the
least squares sense:

p
wij x̂ij =

p
wij

kX
p=1

uipapj ; j = 1 : : :N :

(8)

Using this approach, every pixel can have a differ-
ent influence on the estimation of the principal sub-
space.

In practice, it is useful to deal with two types of
weights: temporal weights t

w 2 IRN , which put
different weights on individual images and spatial
weights s

w 2 IRM , which put different weights on
individual pixels within an image1. In this case, the
weight matrix W is formed in the following way:
W = [tw1

s
w1; : : : ;

twN
s
wN ].

Temporal weights determine how important for es-
timation of principal subspace the individual images
are. For instance, if a training image has weight 2,
while all other images have weight 1, the result of the
proposed algorithm is the same as the result of the
standard algorithm, which has two copies of the par-
ticular image in the training set.

Spatial weights control the influence of individual
pixels within an image. Therefore, if a part of an im-
age is non-reliable or not important for estimation of
the principal subspace, its influence can be diminished
by decreasing its weight. In this case, we would also
like to have a weighted method for estimating the co-
efficients. By introducing weights in (6), we can cal-
culate coefficients by solving the following system of
linear equations:

p
swixi =

p
swi

kX
j=1

ajuij ; i = 1 : : :M : (9)

By putting different weights on different pixels, we
can achieve selective influence of pixel values to the
estimation of coefficients.

We will demonstrate the behavior of the proposed
algorithm on a simple 2-D example. We generated 41
2-D points shown as black dots in Fig. 1. The goal is

1The left superscript is used to distinguish between temporal
(tw) and spatial (sw) weights.

to estimate 1-D principal subspace: one principal axis
and one coefficient for each input point.

We put different weights on the training points. We
set temporal weights to twj = j2 meaning that the
points at the end of the training sequence should have
a stronger influence on the estimation of the principal
subspace. Consequently, the reconstructions of these
points should be better. Fig. 1 depicts the principal
axis estimated using the standard and the weighted
PCA. The weighted mean vector is closer to the end of
the point sequence, since the weights of these points
have higher values. The principal axis is oriented in
such a direction, that enables superior reconstruction
of these points. Consequently, the mean squared re-
construction error in the points at the end of the point
sequence is much lower when the weighted PCA is
used, which results in a lower weighted reconstruction
error.
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Figure 1. Principal axis obtained using
temporal weights.

4. Incremental PCA

In this section we propose a method for incremen-
tal learning. It takes the training images sequentially
and computes the new eigenspace from the subspace
obtained in the previous step and the current input im-
age.

Let us suppose that we have already built an
eigenspace from the first n images. In the step n + 1
we could calculate a new eigenspace from the recon-
structions of the first n input images and a new image
using the standard batch method. The computational
complexity of such an algorithm would be prohibitive,
since at each step we would have to perform the
batch PCA on a set of high-dimensional data. How-
ever, identical results can be obtained by using low-
dimensional coefficients of the first n input images in-
stead of their high-dimensional reconstructions, since
coefficients and reconstructed images encompass the
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same visual variability, i.e., they are the same points
represented in different coordinate frames. Since the
dimension of the eigenspace is small, this algorithm is
computationally very efficient.

In practice, this algorithm is realized in the follow-
ing way. First, a novel image is projected to the cur-
rent eigenspace and reconstructed. The difference be-
tween the input image and its reconstruction is orthog-
onal to the current eigenspace, therefore if the cur-
rent eigenspace is enlarged with the residual vector,
a new basis is obtained. In this basis all the points
from the current eigenspace and the new image can
be represented without any loss. Now, the batch PCA
is performed on these points in the low-dimensional
space and the principal axes are obtained. In order
to retain the dimension of the eigenspace, the least
significant basis vector can be discarded [1, 6]. All
the low dimensional points are then re-projected to the
new eigenspace. Finally, the current basis vectors, ex-
pressed in the image space coordinates, are rotated to
match the new basis vectors expressed in the subspace
coordinates, and the mean vector is updated.

The summarized algorithm for updating an
eigenspace looks as follows:

Input:
current mean value �(n), current eigenvectors U(n),
current coefficients A(n), new input image x. 2

Output:
new mean value �(n+1), new eigenvectors U(n+1),
new coefficients A(n+1), new eigenvalues l(n+1).

Algorithm:

1: Project a new image x in the current eigenspace:
a = U(n)>(x � �(n)) .

2: Reconstruct the new image: y = U(n)a + �(n).
3: Compute the residual vector: r = x� y.

r is orthogonal to U(n).
4: Append r as a new basis vector:

U0 =
h

U(n) r
jjrjj

i
.

5: Determine the coordinates of the coefficients in

the new basis: A0 =

�
A(n) a

0 jjrjj
�

.

6: Perform PCA on A0. Obtain the mean value �00,
the eigenvectors E00, and eigenvalues l00.

7: Optionally drop the least significant vector of the
new basis: k(n+1) = k(n),
U00 = [e001 ; : : : ; e

00
k(n+1)

] .3

8: Project the coefficients to the new basis:
A(n+1) = U00>(A0 � �0011�n+1) .4

9: Rotate the subspace U0 for U00: U(n+1) = U0U00 .
10: Update the mean: �(n+1) = �

(n) + U0
�
00 .

11: New eigenvalues: l(n+1) = [l001 ; : : : ; l
00
k(n+1)

] .

2Superscript denotes the step which the data is related to. U(n)

denotes the values ofU at the step n.
3By discarding a basis vector we preserve the dimension of the

eigenspace.
41m�n denotes a matrix of dimension m� n, where every ele-

ment equals to 1.

The initial values of the mean image, the eigenvec-
tors, and the coefficients can be obtained by apply-
ing the batch PCA on a small set of images or sim-
ply by setting the first training image as the initial
eigenspace by assigning �(1) = x1, U(1) = 0M�1,
andA(1) = 0.

It is worth noting that this algorithm estimates the
identical principal subspace as the method proposed
by Hall et al. [5]. However, the subspace is obtained
in a different way. A significant advantage of our
method is that it is able to treat different images dif-
ferently, which enables to advance it into a weighted
incremental method. Furthermore, our method main-
tains the low dimensional representations of the pre-
viously learnt images throughout the entire learning
stage, meaning that each training image can be dis-
carded immediately after the update.

To demonstrate the behavior of the incremental
method on our simple 2-D example, the eigenspace is
being built incrementally. At each step one point (from
the left to the right) is added to the representation and
the eigenspace is updated accordingly. Fig. 2 illus-
trates how the eigenspace evolves during this process.
The principal axis, obtained at every sixth step, is de-
picted. The points, which were appended to the model
at these steps, are marked with crosses. One can ob-
serve, how the origin of the eigenspace (depicted as a
square) and the orientation of the principal axis change
through time, adapting to the new points, which come
into the process. In the end, the estimated eigenspace,
which encompasses all training points, is almost equal
to the eigenspace obtained using the batch method.
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Figure 2. Incremental learning.

5. Weighted incremental PCA

After we have introduced the weighted PCA and the
incremental PCA, we combine both techniques into a
unified, weighted and incremental approach.

It is quite straightforward to incorporate temporal
weights into the incremental algorithm. The core of
this algorithm is still the standard batch PCA on low
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dimensional data (step 6 of the algorithm). We can re-
place this standard PCA with the weighted algorithm,
which considers temporal weights. This is feasible,
because our incremental algorithm maintains the low
dimensional coefficients of all input images through-
out the proces of the incremental learning (in contrast
to some other incremental approaches [5, 9]). There-
fore, the representation of each image can be arbitrar-
ily weighted at each update.

Incorporating spatial weights into the process of in-
cremental learning is more complex. After the current
eigenspace is updated with a new input image, this im-
age is discarded. Therefore, in the later stages we can
not associate weights to individual pixels. This can be
done only during the update. For that reason we define
spatial weights in a different manner.

Let us assume, that the weights range from 0 to 1.
If a weight is set to 1, it means that the correspond-
ing pixel is fully reliable and should be used as is.
If a weight is set to 0, it means that the value of the
corresponding pixel is completely useless and it is not
related to the correct value. We can recover an approx-
imate value of this pixel by considering the knowl-
edge acquired from the previous images. By setting
the weight between 0 and 1, we can balance between
the influence of the value yielded by the current model
and the influence of the pixel value of the input image.

We can achieve this by adding a preprocessing step
to the update algorithm. First we calculate the co-
efficients of the new image x by using the weighted
method (9) considering larger influence of the pixels
with higher weights. By reconstructing the coefficients
we obtain the reconstructed image ~x which contains
pixel values yielded by the current model. By blending
images x and ~x considering spatial weights by using
the following equation

xnewi = swixi + (1� swi)~xi ; i = 1 : : :M ; (10)

we obtain the image which is then used for updating
the current eigenspace. In this way, a selective influ-
ence of pixels is enabled also in the incremental frame-
work.

A potential drawback of incremental methods is a
propagation of errors, since images are added sequen-
tially. In the case of the weighted incremental algo-
rithm this could be problematic if in the early stages
of the learning process many images contain signifi-
cant number of pixels with small weights. In this case
the algorithm fails to correctly recover the values of
these pixels because the model is too flexible and it
can not predict the correct values. When the model
encompasses a sufficient number of views it becomes
more stable and this is no longer a problem [15].

Fig. 3 depicts the evolution of the eigenspace when
the temporal weights are introduced into our simple 2-
D example. As in one of the previous examples, we
set the weights to twj = j2. By comparing Fig. 3

with Fig. 2 it is evident how the points at the end of
the point sequence have larger influence to the estima-
tion of the principal axis. At the end of the sequence,
the estimated eigenspace is again very similar to the
eigenspace obtained using the batch weighted method.
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Figure 3. Weighted incremental learning.

6. Experimental results

We performed several experiments to evaluate the
performance of the proposed methods on the images
from the COIL20 database and on the panoramic im-
ages taken by the omnidirectional sensor mounted on
the mobile robot.

First we will demonstrate the performance of the
method for weighted learning using temporal weights.
Imagine that we want to build the subspace represen-
tation of the ‘duck’ object from the COIL20 database.
If we assume that it is more likely to see the duck
from the front than from the back it is reasonable to
model the front views more accurately [10]. There-
fore, we put higher weights on the images of the front
(and side) views of the object and built the eigenspace
using the batch weighted method. Fig. 4 shows the im-
ages reconstructed by the standard method and by the
weighted method. One can observe that the first three
images are reconstructed worse with the weighted
method, since they represent the rear views of the
duck where the weights were low (Fig. 4(c)). In con-
trast, the front (and side) views of the duck are recon-
structed much better than with the standard approach.
Fig. 5 confirms this finding. It shows the reconstruc-
tion errors in the images for both methods. To in-
crease clarity, the reconstruction error was smoothed
over the consecutive images reducing local deviations.
One can observe that in the second half of the im-
age sequence the reconstruction error produced by the
proposed weighted method is lower. Consequently,
the weighted reconstruction error is smaller when the
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weighted method is used (660 for standard vs. 605 for
weighted method). This is exactly what we wanted to
achieve.

(a)

(b)

(c)

Figure 4. (a) Six images from training set.
(b) Reconstruction using standard PCA.
(c) Reconstruction using weighted PCA.
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Figure 5. Reconstruction errors of stan-
dard and weighted methods.

The performance of the weighted method for esti-
mating coefficients using spatial weights is presented
in Fig. 6. In this experiment we modelled three objects
from the COIL20 database. The training set consisted
of 24 images of each of the three objects — altogether
72 images of size 32� 32 pixels. Some of the images
are shown in Fig. 6(a). Later, we wanted to recognize
the object depicted in Fig. 6(b). The left half of this
test image represents the ‘duck’ object, while the right
half represents the ‘cat’ object. If the standard recog-
nition is used, the method can not chose between the
’duck’ and the ‘cat’ and the reconstruction is indistin-
guishable (Fig. 6(c)). When the weighted method is
used and one half of the image is considered more im-
portant (left part in Fig. 6(d) and right part in Fig. 6(e)),
the method reconstructs very well the ‘duck’ and the
‘cat’, respectively. Here, we assume that the informa-
tion about the weights was signalled by some higher-
level cognitive process or by checking the consistency

with the other input images.

(a)

(b) (c) (d) (e)

Figure 6. (a) Six images from training set,
(b) test image, (c) standard, and (d,e)
weighted reconstructions.

Now, we will briefly demonstrate the performance
of the incremental method. We built eigenspaces of
various dimensions from 720 images of all twenty ob-
jects from the COIL20 database. Fig. 7 depicts the
mean squared reconstruction errors of the images re-
constructed from the coefficients obtained by project-
ing the training images into the eigenspaces, which
were built using the batch method (in plots indicated
as batch) and the proposed incremental method (incX).
The curve incA represents reconstruction errors of im-
ages obtained from the coefficients, which were cal-
culated at that time instant, when the particular image
was added to the model and then maintained through-
out the process of incremental learning. Using this ap-
proach, an image can be discarded immediately after
the model is updated. As one can observe, the squared
reconstruction errors are rather similar (the difference
is smaller than 10%), which means that the incremen-
tal method is almost as efficient as the batch method.

Figure 7. Comparison of standard batch
and incremental method.

Then, we built the eigenspace from the same set of
images, but with different temporal weights, and used
the incremental weighted method. We put a weight
on each image, which was proportional to the second
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power of the image index, giving more influence to
the objects and images at the end of the image se-
quence. The results are depicted in Fig. 8. The recon-
struction errors of the incremental weighted method
(WincA, WincX) do not differ significantly from the
results of the batch weighted method (Wbatch). And
certainly, the results of the batch and incremental
weighted methods are better than the results of stan-
dard methods for images with larger weights. This is
also reflected in better weighted squared reconstruc-
tion errors (see Table 1).

Table 1. Weighted reconstruction errors
of batch and incremental methods.

batch incA incX Wbatch WincA WincX
617 658 648 554 583 565

Figure 8. Reconstruction errors of batch
and incremental standard and weighted
methods.

In both tests of the incremental algorithm, the
curves incX and incA are quite close together, as well
as WincX and WincA (with the exception for the im-
ages with very small weights). From this we can
conclude that by discarding input images after the
eigenspace is updated, we do not degrade results sig-
nificantly.

Finally, we present the results of the proposed in-
cremental and weighted method applied to improve
the results of the visually-based localization of a mo-
bile robot [1]. In the training stage, the representa-
tion of the environment (our lab in this case) is built
from panoramic images taken from several locations.
We can simulate the in-plane robot rotation by shifting
cylindrical panoramic images and generating spinning
images [7]. Three such views of two locations are de-
picted in Figs. 9(a,b). We thus obtain all necessary
views of the environment, which are used for building
the representation using PCA. Later, in the localisa-
tion stage, a novel image is taken and projected to the

eigenspace. The location of the robot is determined by
searching for the closest projected training image.

However, due to the construction of the panoramic
sensor, not only the environment is captured in the im-
age, but also the holder of the panoramic mirror (the
dark vertical bar in Figs. 9(a,b)) and the surface of the
robot (lower part of the images). If the robot is ori-
ented differently in the localisation stage, the holder
appears in a different position in the image, which
makes the test image less similar to the correct training
image and the localisation can fail.

The method proposed in this paper offers a solu-
tion to this problem. Since we know, that the holder
is not a part of the environment, we mask it out dur-
ing the learning, and learn only the parts which belong
to the environment. We can achieve this by using the
weighted incremental method and setting the weights
of the environment to 1 and weights of the undesirable
parts to 0 (see Figs. 9(c)).

In the training stage, the robot was moving from
one part of the lab to the other. In the localization
stage, the robot returned to the starting position fol-
lowing approximately the same path in the opposite di-
rection. The results are presented in Fig. 10. The gray
levels represent coefficient errors; i.e., the distances
between the projections of the test images (given in
the x axis) and the projections of the training image (y
axis). Since the path of the robot was approximately
the same as in the training stage, we expect that the
coefficient error would be minimal on the diagonal of
the error matrix. Since the standard approach incor-
porated in the representation also the vertical holder,
which was in a different image position in the local-
isation stage, the results of the standard method are
not very good (the diagonal of the error matrix in
Fig. 10(a) is very non-distinctive). In contrast, the
proposed method did not incorporated the holder into
the representation of the environment. Consequently,
the values around the diagonal in Fig. 10(b) are sig-
nificantly smaller, which makes the localisation much
more accurate and reliable.

(a)

(b)

(c)

Figure 9. (a,b) Spinning images from two
locations. (c) Weights.
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(a) (b)

Figure 10. Coefficient errors using (a)
standard and (b) weighted learning.

7. Discussion and Conclusions

Before we conclude we will give some additional
remarks regarding the computational issues. It is evi-
dent, that the proposed weighted method is computa-
tionally more demanding than the standard PCA. The
time complexity of the standard projection is O(mk),
while the time complexity of the weighted method is
O(mk2), since it involves solving a sistem of m lin-
ear equations with k unknowns. The time complexity
of the training weighted method is even higher, since
each iteration of the EM algorithm requires O(nmk 2)
for E-step and, similarly,O(mnk2) for M-step in gen-
eral. However, the improvements of the results in the
scenarios where the selective treatment of individual
images and pixels is required, justifies this extra com-
putational power. In addition, the algorithm could be
sped up by using alternative techniques for weighted
least squares minimization [3] or by performing SVD
on a weighted covariance matrix [13]. Furthermore,
the algorithm could also be completely parallelized,
since each pixel/image is processed independently.

Weighted PCA is suitable to use in situations when
an additional knowledge about significance of individ-
ual images as well as separate parts of images is avail-
able. If the central part of an image is more informa-
tive, then bigger weights should be assigned to these
pixels. If the values of some pixels are not defined
(e.g. in range images) or are known to be unreliable,
their weights should be low. Similarly, selective influ-
ence of individual images can be achieved by setting
different temporal weights.

In this paper we also proposed the incremental
method for weighted subspace learning. The method
is suitable for continuous on-line learning, where the
model adapts to input images as they arrive (SLAM
principle). The algorithm is flexible, since it is able to
treat each pixel and each image differently. Therefore,
more recent (or more reliable, or more informative, or
more noticeable) images can have a stronger influence
on the model then others. The principles of short-term
and long-term memory, forgetting, and re-learning can
be implemented and investigated. This principles are
the subject of the ongoing research.
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