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Abstract: Corner detection plays an important role in computer vision as well as in 3D 
reconstruction of a scene. With the help of the corners we can determine the most 
characteristic points of an object and so reconstruct them. Corners are useful in case of 
pattern recognition, as well. In this paper a new corner detection scheme is introduced 
which is based on fuzzy reasoning and applies a special local structure matrix. 

Index Terms: corner detection, fuzzy image processing, noise elimination, noise smoothing, 
3D modeling 

1 Introduction 
Corner detection plays an important role in computer vision as well as in pattern 
recognition [1], in shape and motion analysis [2] and in 3D reconstruction [3] of a 
scene. Motion is ambiguous along an edge, unambiguous at a corner. In most 
cases shapes can approximately be reconstructed from their corners [4]. 3D 
reconstruction from images is a common issue of several research domains. In 
recent time, the interest in 3D models has dramatically increased [5], [6]. 

More and more applications are using computer generated models. In many cases 
models of existing scenes or objects are desired. Creating photorealistic 3D 
models of a scene from multiple photographs is a fundamental problem in 
computer vision and in image based modeling. The emphasis for most computer 
vision algorithms is on automatic reconstruction of the scene with little or no user 
interaction. The basic idea behind 3D model reconstruction from a sequence of 
un-calibrated images can be defined in several steps [7]: first we need to relate the 
images in the whole sequence, then extract information based on pixel 
correspondences to be able to apply methods of epipolar geometry. In real life 



image sequences contain many of the points that are better suited for automated 
matching than others. The environment of these points contains significant 
intensity variations and is therefore easy to differentiate from others. The 
correspondence between such points of interest has to be done by some kind of 
matching procedure. A possible approach to select points of interest is the corner 
detection. Corners in a scene are the end points of the edges. As we know, edges 
represent object boundaries and are very useful in 3D reconstruction of a scene. 
There are two important requirements for the feature of the points. First, points 
corresponding to the same scene point should be extracted consistently over the 
different views. Secondly, there should be enough information in the environment 
of the points so that the corresponding points can be automatically matched. With 
the help of detected corners it is possible to determine the corresponding points. 
For example, if we are able to select points on the corners of objects we have a 
greater chance for matching the same corners in another image. There are several 
known corner detection algorithms for the estimation of the corner points. These 
detectors are based on different principles, characteristic for the algorithm. It is 
known, that there are corner detectors, whose functionality is based on a local 
structure matrix, consisting the first partial derivatives of the intensity function. 
An example of it is the Harris feature point detector [8]. Harris’ method is based 
on a comparison: the measure of the corner strength – which is defined by the 
method and is based on a local structure matrix – is compared to an appropriately 
chosen concrete threshold. Another well known corner detector is the SUSAN 
(Smallest Univalue Segment Assimilating Nucleus) detector based on brightness 
comparison [9]. It does not depend on image derivatives. The SUSAN area 
reaches a minimum, when the nucleus lies on a corner point. This method is more 
resistant to image noise. The effectiveness of these above mentioned algorithms is 
acceptable. The main point in these algorithms is the following: When a calculated 
value of the mentioned detectors (which is characteristic for a corner) exceeds a 
given threshold the processed image point is usually detected as a corner. 

The novelty of this paper is that the fuzzy based corner detection algorithm 
proposed by the authors in [4] is improved by an image smoothing procedure 
applied in the preprocessing phase together with the introduction of a fuzzy based 
technique assigning new attributes to the detected corner candidates (showing the 
membership value of being a „real” corner). This property of the detector can very 
advantageously be used at the matching of the corresponding image points in 
stereo image pairs and results in a better output. 

The paper is organized as follows: Section II is devoted to the noise elimination of 
images and describes why it is important to smooth the images before corner 
detection. Section III details how to determine the corner points of an image. 
Section IV deals with the point correspondence matching in stereo image pairs. 
Section V shows experimental results and finally in Section VI conclusions are 
summarized. 



2 Noise Elimination and Gaussian Smoothing 
Before starting to search for the corner points of an image it is necessary to 
eliminate the noise. For this purpose we use a special fuzzy system characterized 
by an IF-THEN-ELSE structure and a specific inference mechanism proposed by 
Russo [10]. Different noise statistics can be addressed by adopting different 
combinations of fuzzy sets and rules. 

Let I(r) be the pixel luminance at location r=[x,y] in the noisy image, where x is 
the horizontal and y the vertical coordinate of the pixel. Let I0 =I(r0) denote the 
luminance of the input sample having position r0 and being smoothed by a fuzzy 
filter. The input variables of the fuzzy filter are the amplitude differences defined 
by: 

8,...,1,0 =−=Δ jIII jj  (1) 

where Ij=I(rj), j=1,…,8 values are the luminance values of the neighboring pixels 
of the actually processed pixel r0 (see Fig. 1a). Let K0 be the luminance of the 
pixel having the same position as r0 in the output signal. This value is determined 
by the following relationship: 
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where ∆I is determined later (see eq. (5)). 
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belonging to a 3x3 moving window (see Fig. 1a). Let the rule base deal with the 
pixel patterns W1,…,W9 (see Fig. 1b.) The value K0 can be calculated, as follows 
[10], [11]: 
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where ∆λ=λ-λ*, L is the maximum of the gray level intensity, mLP and mLN 
correspond to the membership functions and mLP(I)=mLN(-I) (see Fig. 2). The filter 
is recursively applied to the input data. 

In Figs. 3-4 the effectiveness of the noise smoothing can be followed. Fig. 3 
shows the photo of a crashed car corrupted by noise, while in Fig. 4 the filtered 
image can be seen. Starting from the above detailed algorithm new corner 
detection procedures can be built. 
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Figure 1a 

The neighboring pixels of the actually processed pixel r0 

 

Figure 1b 
Pixel Patterns 
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Figure 2 
Membership functions mLN (large negative) and mLP, (large positive), a and b are parameters for the 

tuning of the sensitivity to noise of the filtering 

In corner detection, besides the noise another problem can be that the digital 
image is stored as a collection of discrete pixels, thus an edge is represented as a 
serie of discrete pixels causing that small brakes may occure in the edge which in 
some cases are detected as (false) corners. In Fig. 5 the left image illustrates how a 
line appears when the resolution of the image is finite. For increasing the 
effectiveness of the corner detection algorithm, the false corners should be 
eliminated before applying the corner detector. For this purpose we implement a 
Gaussian smoothing algorithm, which is usually used to 'blur' images and to 
remove unimportant details and noise. In Fig. 5 the right image shows how a line 
after smoothing appears in the image. 



 
Figure 3 

Original photo of a crashed car corrupted by noise 

 
Figure 4 

Fuzzy-filtered image of the photo in Fig. 3 

    

Figure 5 
Edge representation without smoothing (left), edge representation after applying the smoothing 

algorithm 

The algorithm uses a kernel of size NxN that represents the shape of a Gaussian 
hump. This kernel has special properties detailed below. A circularly symmetric 
Gaussian has the form of [12]: 
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where x and y stand for the 2D coordinates of a point and σ is a parameter with the 
help of which we can shape the distribution. An example of this distribution can 
be seen in Fig. 9. The main idea of Gaussian smoothing is to use this 2-D 
distribution as a „point-spread” function which can be achieved by convolution. 
Since the image is stored as a collection of discrete pixels we need to produce a 
discrete approximation to the Gaussian function before we can perform the 
convolution [12]. 

The above detailed smoothing algorithm is used by the next section for obtaining 
the entries, which corresponds to the first partial derivates of the intensity function 
I(x,y), as well (see section III). Fig. 6 illustrates the smoothed image got by 
smoothing the intensity function of Fig. 4. 

3 Detection of Corner Points 
Corners are local image features characterized by locations where the variations of 
the intensity function I(x,y) are high in both x and y directions, i.e. both partial 
derivatives Ix and Iy are large. 

Most of the corner detection algorithms are derived from a so called local 
structure matrix, which has the form of 

( ) ( )

⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢

⎣

⎡

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

∂
∂

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

∂
∂

⎟
⎠
⎞

⎜
⎝
⎛
∂
∂

∗= 2

2

,,

y
I

y
I

x
I

y
I

x
I

x
I

yxGyxL
, (7) 

where G(x,y) represents the above mentioned Gaussian hump and * stands for the 
convolution. This matrix can be derived from locally approximating the 
autocovariance function of a real valued stochastic signal I(x,y) (generated by a 
stochastic process) in the origo [13]. 



 
Figure 6 

Gaussian Smoothed image 

One of the corner detection algorithms, which uses the above local structure 
matrix is the Förstner’s one. Förstner determines corners as local maxima of 
function H(x,y) [14]. 
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Starting from the algorithm of Förstner a new improved corner detection 
algorithm can be developed by combining it with fuzzy reasoning. This is used for 
the characterization of the continuous transient between the localized and not 
localized corner points, as well. The algorithm consists of the following steps. 
First, the picture, in which we have to find the corners, is preprocessed. As a result 
of the preprocessing procedure the noise is eliminated. For this purpose we apply 
the intelligent fuzzy filters described in [10] and [11]. The filtering is followed by 
the smoothing applying the convolution of the filtered intensity function with the 
2D Gaussian hump. After preprocessing, the first derivatives of the intensity 
function I(x, y) are calculated in each image point. For this purpose we apply the 
following convolution masks: 
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For increasing the effectiveness of the corner detection it is proposed to smooth 
each of the entries Ix

2, Iy
2, IxIy, in eq. (8), which correspond to the first partial 

derivates of the intensity function I(x,y) (here x,y denote the 2D coordinates of the 
pixels). This can be done by applying a Gaussian 6x6 convolution kernel with 
σ=1, illustrated in Fig 9. [12]. As the following step, the values H(x,y) are 



calculated for each image point with the help of the previously determined Ix
2, Iy

2, 
and IxIy smoothed values. If the detected corners are neighbors, then we should 
keep only the corner having the largest calculated value H(x,y). The others are to 
be ignored. In most cases we can not unambiguously determine that the analyzed 
image point is a corner or not with only the help of a certain concrete threshold 
value, therefore in the proposed algorithm, fuzzy techniques are applied for the 
calculation of the values (corners) which increases the rate of correct corner 
detection. As higher the calculated H value as higher the membership value, that 
the analyzed pixel is a corner. Fuzzifying the H values into fuzzy sets, and 
applying a fuzzy rulebase we can evaluate the “cornerness” of an analyzed pixel. 
This property of the pixel can advantageously be used by the searching for the 
corresponding corner points in stereo image pairs, which is an indefinite step of 
the automatic 3D reconstruction. The antecedent and consequent fuzzy sets of the 
detector are illustrated in Figs. 7 and 8, respectively. In Fig. 7 (antecedent fuzzy 
sets) the horizontal axis represents the calculated H values. These values are 
classified into fuzzy sets CWEAK, CMEDIUM and CSTRONG, which represent the fuzzy 
set of values corresponding to WEAK, MEDIUM and STRONG corners, 
respectively, while in Fig. 8 (consequent fuzzy sets) on the horizontal axis the 
intensity values of the pixels are shown. With the help of the parameters Hk 

(k=1,2,3,4,5) (see Fig. 7) the shape of the membership functions 
WEAKCμ , 

MEDIUMCμ  
,

STRONGCμ can be modified and so the sensitivity of the described detector can be 

changed. If the pixel is not a corner (no fuzzy rules are fired) then its intensity will 
be zero, in other cases the “cornerness” is evaluated by the fuzzy rulebase below. 
The fuzzy rulebase of the detector has the following rules: 

IF (H(x,y), CWEAK)  THEN  (I(x,y), ILOW), 

IF (H(x,y), CMEDIUM)  THEN  (I(x,y), IMEDIUM), 

IF (H(x,y), CSTRONG)  THEN  (I(x,y), IHEIGH), 

which means that if the H(x,y) value is member of the fuzzy set CWEAK then let be 
the output intensity of the pixel low, if the H(x,y) value the member of the fuzzy 
set CMEDIUM then let the output intensity of the pixel be medium and so on. 
Letμ (.) be the membership function of the consequent fuzzy set generated as the 
superposition of the rule consequents. As defuzzification algorithm we use the 
center of gravity method, and so we can get the intensity value of a pixel in the 
output image by the following way: 
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Figure 7 

Illustration of antecedent fuzzy sets WEAKC , MEDIUMC and STRONGC . The values Hk (k=1,2,3,4,5) solve 

for shaping the membership functions (changing the sensitivity of the detector) 
WEAKCμ , 

MEDIUMCμ , 

STRONGCμ . The axis H is the axis of the calculated H(x,y) values. 
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Figure 8 

Illustration of consequent fuzzy sets LOWI , MEDIUMI and HEIGHTI . The values Ik (k=1,2,3,4) solve for 

shaping the membership functions 
LOWCμ , 

MEDIUMCμ , 
HEIGHTCμ . The axis I is the axis of the pixel’s 

intensity. 

0.0003 0.0023 0.0062 0.0062 0.0023 0.0003 
0.0023 0.0168 0.0458 0.0458 0.0168 0.0023 
0.0062 0.0458 0.1244 0.1244 0.0458 0.0062 
0.0062 0.0458 0.1244 0.1244 0.0458 0.0062 
0.0023 0.0168 0.0458 0.0458 0.0168 0.0023 
0.0003 0.0023 0.0062 0.0062 0.0023 0.0003 

Figure 9 
Gaussian 6x6 convolution kernel with σ=1 

where Imax stands for the maximal intensity. The value Io(x,y) represents the 
intensity value of the pixel in the output image at the position [x,y]. 



4 Point Correspondence Matching in Stereo Image 
Pairs 

Feature matching is commonly referred to as the correspondence problem. The 
problem is how to automatically match corresponding features from two images, 
while at the same time not assigning matches incorrectly. The common approach 
for corners is to take a small region of pixels around the detected corner (referred 
to as a correlation window) and compare this with a similar region around each of 
the candidate corners in the other image. Each comparison yields a score, a 
measure of similarity. The match is assigned to the corner with the highest 
matching score. The most popular measure of similarity is the cross-correlation. 
Most matching algorithms include constraints to complement the similarity 
measure. These may take the form of constraints on which corners are selected as 
candidate matches: a maximum disparity, or corners which agree with some 
known relationship between the images (such as the epipolar geometry). 
Constraints such as uniqueness or continuity may also be applied after candidate 
matches have been found. With the help of the epipolar constraint we can reduce 
the number of candidate image points. We have to search only along the epipolar 
line corresponding to the actually chosen image point in the source image. This 
epipolar line can be determined using the so called fundamental matrix [7]. This is 
a 3x3 matrix, which defines the relation between the corresponding image points. 
As we know, the images in which we have to find the corresponding feature points 
are taken from different camera positions.  If the angle of the camera positions is 
relatively small, we have greater chance to match the mentioned feature points, 
because of the small deformation of image pixels between two views. In this case 
the corresponding points can be found with high reliability in each image. Feature 
point mentioned in this section can be either corners or edge points. Using the 
above detailed corner detector for detecting the feature points, the number of 
candidate feature points can be effectively reduced. For this purpose we use the 
knowledge, that if the angle of the camera positions is relatively small the 
corresponding corners have similar properties and therefore it is possible to reduce 
the number of candidate corner points. For details of the algorithm, see [15]. 

5 Experimental Results 
In the followings the effectiveness of the new corner detection algorithm is 
illustrated and is compared to other well known algorithms through a simple 
example. Fig. 10 shows a part of a corridor with several lamps and doors. In Fig. 
11 the corners detected by our algorithm can be seen. By analyzing the results we 
can see that all the corners are detected and no false corner was found. Figs. 12, 
13, and 14 illustrate the results obtained by the Förstner’s, Harris and SUSAN 
corner detection algorithms, respectively. All of these latter algorithms failed to 



find all the corners. The last example (Figs. 15 and 16) shows the difference of the 
results with (Fig. 16 (right image)) and without image smoothing (Fig. 16 (left 
image)). 

Conclusions 

In this paper an improved corner detection algorithm has been reported. This 
approach can very advantageously be used even if the images are corrupted by 
noise. The method is based on fuzzy techniques and also utilizes the results of the 
algorithm introduced by Förstner. With the help of this technique the most 
significant image points can be extracted which is very important e.g. at 3D 
modeling and pattern recognition. 

 
Figure 10 

The input image after noise filtering 

 
Figure 11 

Corner detection applying the proposed new fuzzy based corner detection algorithm 



 
Figure 12 

Corner detection applying the Förstner’s corner detector 

 
Figure 13 

Corner detection applying the Harris corner detector (k=0.001) 

 
Figure 14 

Corner detection applying the SUSAN detector 



   
Figure 15 

Image corrupted by impulse noise (left), the fuzzy filtered image (right) 

   
Figure 16 

Detected corners in the fuzzy filtered image using fuzzy based detector without image smoothing (left), 
detected corners in the fuzzy filtered image using the same detector but with image smoothing 
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