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Abstract: The existence of noise is a serious obstacle for
solving many computer vision problems. Computing funda-
mental matrix is a typical one. Motivated by the success of
wavelet denoising technique in image processing, we study
the interesting question: how well wavelet denoising can
improve the accuracy of computing fundamental matrices?
The answer to this question depends on two sub-questions:
1) What wavelets should be applied? 2) On what kind of
images could wavelets be applied to improve accuracy of
their fundamental matrix? The experiment results show that
wavelet denoising is promising in computer vision as well
as in image processing.
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1 Introduction
A fundamental matrix between two views of a 3D ob-

ject maps a 2D point in the first view to a line in the second
view, and hence reduces search space of finding its corre-
sponding point in second view from 2D image plane to 1D
line. Because of this important role of fundamental matri-
ces in 3D computer vision, many works haven been done on
computation of accurate fundamental matrices [9, 7, 5, 12].

The accuracy of computing fundamental matrices is es-
sentially dependent on the accuracy of feature point cor-
respondence (feature points are also called corner points).
There are several factors which affect the accuracy of stereo
point correspondence: resolution of cameras, texture of the
surface of the scene or objects, affine distortion of the scene
and illumination change occurred in wide baseline scenario
[16, 15, 11, 3], and the inherit existing image noise [5, 12].
In this paper, we focus on the effect of noise. It is well
known that the accuracy of computing fundamental matri-
ces is very sensitive to noise having even small variances
[5, 12].

Gaussian smoothing is a simple denoising method and
it is widely used in computer vision algorithms [1, 2, 14].
However, Gaussian smoothing destroys the structure of im-

age data. In the feature point correspondence problem, there
is a big tradeoff in deciding the length of Gaussian filter
when Gaussian smoothing technique is involved. To re-
duce the effect of noise better, a longer Gaussian filter is
preferred. While to preserve the structure of corner points,
short Gaussian filter is desired. This disadvantage of Gaus-
sian smoothing comes from the fact that Gaussian functions
can not generate the basis of the underlying image data. The
orthonormal basis property of wavelet brings the possibility
of denoising without destroying the structure of input data
[6, 8, 4].

Image processing researchers have already witnessed
successes of wavelet denoising. However, it is not straight-
forward to claim that wavelet denoising must be successful
and useful in computer vision research. The noise handled
in image processing is usually of large variance [4] and the
purpose of denoising in image processing is usually to im-
prove the visual appearance of an image. While many com-
puter vision algorithms are even sensitive to the noise with
small variance and thus the purpose of denoising in com-
puter vision is to improve the performance of computer vi-
sion algorithms. The questions, on what images wavelet can
be applied, and what wavelets should be used are still open
in computer vision.

In this paper, we are interested in investigating how use-
ful the wavelet denoising technique is in improving the ac-
curacy of computing fundamental matrices. The rest of this
paper is organized as follows: In Section 2, we describe
succinctly fundamental matrix and epipolar geometry. In
Section 3, we present the basics of wavelet denoising. In
Section 4, we compare wavelet denoising technique on im-
ages containing random information and those with no ran-
dom information. Experiments on images Santa taken by
our PVDV 400 camcorder and images from CMU stereo
image dataset are given in Section 5. Conclusion and future
work is given in Section 6.
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2 Computing fundamental matrix and its
residue

Fig. 1 shows an epipolar geometry for a 3D point � and
two points � and ��� , which are called the optical centers
of two cameras. The plane determined by points ����� and��� is called the epipolar plane. The line of intersection
between the epipolar plane and image plane is called the
epipolar line or epiline. There is another way to understand
the epiline. The line ��� � intersects the image plane of the
right camera at a point called the epipole of the right cam-
era. The epiline associated with 3D point � in the image
plane of ��� is thus also the line that connects the epipole
and the projected point of 3D point � in this image plane.
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Figure 1. An epipolar geometry of two views.

The essence of the epipolar constraint is the fundamen-
tal matrix, which is a ����� matrix that maps a point in one
image plane to the corresponding epiline line in another im-
age plane. Formula (2.1) represents this relation.� ����� �!� "$#&%('*)+� ,.-/,.0�1$#2%43

(2.1)

It is well known that seven corresponding points of two
stereo images can determine a fundamental matrix. Assume
that there are 57698 corresponding points : ,<; � , �;>= . The
following residue formula is used to evaluate the accuracy
of a computed fundamental matrix:?@ ;BAC�ED 1� )�,F;G# �-IH � )�,F;G# �0 H 1� ) % , �; # �-IH � ) % , �; # �0KJ : , � %; )�, ; = � 3

(2.2)
It is straightforward to see that if the fundamental matrix is
not accurate, a chosen feature point will be far away from
its corresponding epiline, and so the amount the residue will
be large. More details on fundamental matrix and epipolar
geometry can be found in [9, 5].

Because of the internal randomness of RANSAC algo-
rithm [16, 10] in computing fundamental matrix, the result
may not be exactly identical for different run of the same

computation. In our following experiments, we will use the
averaging strategy to compare the residues obtained from
the images without and with wavelet denoising. More pre-
cisely, we compute the residues ten times in cases: without
denoising and with denoising respectively and then choose
the averages of each case.

3 Wavelet denoising – waveShrink
Suppose observation data L ' :GL � � 3M3N3 �OL ? = is a noisy

realization of the signal P ' :QP � � 3N3N3 �RP ? = :L ; ' P ; HTS ; �VU 'W1 � 3M3N3 �O54� (3.3)

where
S ;

is noise. A usual way to denoise is to find XP such
that it minimizes the mean square error (MSE),YWZ4[ :MXP = ' 15 ?@ ;\A]� :MXP ;_^ P ; = � 3 (3.4)

Donoho and Johnstone [8] developed a methodology
called waveShrink for estimating P . It has been widely ap-
plied in many applications and implemented in commercial
software, e.g., wavelet toolbox of Matlab [18].

There are three commonly used shrinkage functions: the
hard, soft and the non-negative garrote shrinkage functions:`�ab :QP = ' ced f P fhgjiP f P fhkji`mlb :QP = ' n d f P fogpiP ^ i P kjii ^ P P�q ^ i` ab :QP = ' ced f P fhgpiP ^ i � r P f P fhkpi ,

where i�s � d ��t =
is the threshold.

Determining threshold i is the key issue in waveShrink
denoising. Minimax threshold is one of commonly used
thresholds. The minimax threshold i<u is defined as thresh-
old i which minimizes expressionv\whxbzyO{}|~ c � b :G� =5�� � H�� v\w :Q� � � 1 =K� � (3.5)

where � b :G� = ' [ : ` b :GP = ^ � = � �OPp�7�T:Q�}� 1 = . Interested
readers can refer to [18] for other methods.

We will use the minimax threshold to denoise for two
reasons. Firstly, minimax threshold method has been re-
ported to be successful in processing different kind of data–
signal, image, and medical/biological data [8, 17, 13]; Sec-
ondly, we are more interested in finding which classes of
images wavelet denoising can help improving accuracy of
epipolar geometry computation rather than trying to im-
prove the accuracy of computing epipolar geometry for all
kinds of images by testing all different thresholding rules.
We think that the former goal is much more attainable than
the latter one.
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4 Images with random information and with-
out random information

In this section, we have a brief discussion on the effect
of random information contained in images when we apply
wavelet denoising technique.

Fig. 2 shows two images of Santa, capped and non-
capped. Fig. 3 (4) shows the intensity curves along row
20 (through cap region) in image of capped Santa (non-
capped Santa respectively) without and with wavelet de-
noising. We see that the structure of intensity in capped
Santa is changed after wavelet denoising while that in non-
capped Santa is successfully preserved. The intuition be-
hind this phenomenon is that information in cap region is
typically random, so the wavelet denoising technique could
not tell the noise from this random information. Therefore,
we could expect the difference if we compute fundamen-
tal matrix on images with random information and images
with little random information. In the former case, accuracy
is expected to be degraded, while in the latter case, accuracy
is expected to be improved.

(a) capped Santa (b)non-capped Santa

Figure 2. Capped Santa contains random in-
formation in the cap region, whereas non-
capped Santa contains little random informa-
tion.

5 Experiments

5.1 Epipolar geometry on capped Santa and non-
capped Santa

With less concern on choice of threshold (as what we
discussed in Section 3), our remaining question is what kind
of wavelet we should choose, wavelets with long supports
1 or wavelets with short supports? This question is similar
to the question that how long the length of Gaussian filters
should be chosen to smooth a given image [1].

Fig. 5 shows three different views of capped Santa (in
the first row) and non-capped Santa (in the second row).

Fig. 6 illustrates that wavelets with longer supports can
lead to more accurate computation2 of fundamental matri-

1Roughly speaking, support set means those intervals where the values
of a wavelet function are not equal to zeros. Details can be found in [6].

2We compute fundamental matrices with image matching tool provided
in INRIA website http://www-sop.inria.fr/robotvis/demo/f-http/html/.
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Figure 3. Intensity curves along row 20 in im-
age of capped Santa without and with wavelet
denoising. The structures of intensity in in-
tervals [25 35], [120 130], [250 260] are seri-
ously changed after wavelet denoising.
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Figure 4. Intensity curve along row 20 in im-
age of non-capped Santa without and with
wavelet denoising. The structure of intensity
is preserved after wavelet denoising.
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(a1) (a2) (a3)

(b1) (b2) (b3)

Figure 5. (a1)-(a3) are three different views of
non-capped Santa; (b1)-(b3) are three differ-
ent views of capped Santa.

ces than those with shorter supports do. In the following
experiments, we keep on using wavelet db30 [6].
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Figure 6. Residues by wavelets of increasing
supports.

Table 1 shows the computed residues from three stereo
pairs of non-capped Santa images and three stereo pairs of
capped Santa images in cases: without denoising and with
wavelet db30 denoising. We see that that the accuracy of
fundamental matrices of non-capped Santa images is always
improved by wavelet denoising. Especially, the improve-
ment in computing pair of view 2 and view 3 is essential.
And the accuracy of fundamental matrices of capped Santa
images are mainly degraded after wavelet denoising.

5.2 More experiments on CMU stereo image
dataset

In this section, we report more experiment results on dif-
ferent images which are chosen from CMU stereo image
dataset. They are images apple, arch, book, books, cart,

images no denoising db30 denoising
ncSanta (1,2) 1.06 0.98
ncSanta (1,3) 1.37 1.12
ncSanta (2,3) 1.43 0.67

cSanta (1,2) 1.05 1.15
cSanta (1,3) 1.19 1.40
cSanta (2,3) 1.14 0.96

Table 1. Residues are always decreased in
non-capped Santa after wavelet denoising,
while the residues are mainly increased in
capped Santa after wavelet denoising; nc-
Santa = non-capped Santa, and cSanta =
capped Santa. (1,2) = (view 1, view 2), etc.

fruit, lab, mars, pentagon, pepsi and sandwich. Except im-
ages mars and pentagon, all other images are on indoor
scene.

Table 2 shows the experiment results on CMU stereo im-
ages. The upper sub-table is of images on which wavelet
denoising can help improving the accuracy of fundamen-
tal matrices and the lower sub-table is of images on which
wavelet denoising degrades the accuracy of fundamental
matrices.

images no denoising db30 denoising
arch 1.39 1.14
book 0.54 0.41
books 1.13 1.11
cart 1.16 0.66
lab 6.4e-14 1.24e-14

mars 1.40 1.05
pepsi 0.41 0.39

apple 0.65 0.71
pentagon 0.84 0.96

fruit 0.85 0.98
sandwich 2.1 2.2

Table 2. Residues in computing fundamental
matrix of images in upper table are increased
and in lower table are decreased; Wavelet de-
noising improves the accuracy of fundamen-
tal matrix for images without random informa-
tion whereas decreases accuracy for images
with random information.

The scene of images, apple, pentagon and sandwich con-
tain random information. So wavelet denoising will destroy
some real information in these images and degrade the ac-
curacy of fundamental matrix as well as the case of capped
Santa.
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The degraded accuracy of fundamental matrix on images
fruit is unexpected since image fruits do not contain random
information. We observe that the number of matched points
found in images fruit is more than 600 in both no denoising
and with denoising cases while those found in other images
is at most around 450. The reason is due to the highly reg-
ular texture in images fruit. The regular texture and large
amount feature points increase the chance of mismatching.
The experiments show that wavelet denoising increases the
chance of mismatching when the texture is highly regular,
so leads to the degraded accuracy of fundamental matrix.

Final observation is that indoor or outdoor scene is not a
factor to determine whether wavelet denoising can be suc-
cessful in improving the accuracy of fundamental matrix.
Since the light source for indoor scene and outdoor scene
are completely different, it is possible that the structure of
image noise in indoor scene image is also different from that
in outdoor scene, which may lead to different result when
we apply wavelet denoising technique to them. However, in
Table 2, the successful cases include both indoor scene and
outdoor scene (mars) and the unsuccessful cases also in-
clude indoor scene and outdoor scene (pentagon). Fig. 7/8
group the CMU images according to whether the accuracy
of fundamental matrix is increased or not.

6 Conclusions and future work
In this paper, we study an interesting question of how

well wavelet denoising can improve accuracy of fundamen-
tal matrix. We concentrate on looking for an answer along
two sub-questions: 1) Whether the length of a wavelet’s
support affects the accuracy of computing fundamental ma-
trix or not? 2) For what kinds of stereo images can wavelet
denoising improve the accuracy of their fundamental ma-
trix? The experiment results show that wavelet denoising
can help improving accuracy of fundamental matrix on a
large class of images while it is useless for the stereo images
containing randomize information or highly regular texture
information.

Even though residue is an important criterion to evalu-
ate the accuracy of fundamental matrix, it is possible, in
practice, that the fundamental matrix of small residue is not
accurate (due to existence of mismatching points and coin-
cidence that each feature point is close to a wrong epiline).
Better evaluation method may involve 3D reconstruction
technique, this is, reconstructing the 3D scene with the com-
puted fundamental matrix, which will be our future work.
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