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Abstract—In this article, we adress the problem of self 

calibrating an embedded stereoscopic vision system, that is 

determining its epipolar geometry automatically. After reviewing 

the general method, we propose and describe two new methods 

for matching points, based on correlation, and using the sole 

constraint of unicity. We compare them with an already 

published method, and present some experimental results. 

 

Index Terms— Stereo vision, correlation, epipolar 

geometry, fundamental matrix  

I. INTRODUCTION 

ith lowering costs, vision system are getting more 

and more present in the automotive context, and many 

research teams have been working on the implementation of 

driving assistance systems based on computer vision. Among 

these, stereovision has the major advantage of being able to 

provide depth information. Algorithms have been tested and 

validated, but many of them rely on an "ideal" epipolar 

geometry, that is, cameras must be perfectly aligned, optical 

rays being parallel, and image lines coincident (See [1][2][3] 

for a few examples). This configuration makes scene analysis 

easier, by limiting the computing cost, as the projection of a 

3D point will occur on the same line in the two images. 

Practically, this is essential for real-time applications. 

But such a configuration is most of the time unreachable in 

an industrial context, where those low-cost cameras must fit in 

everyone's car, and alignment will be far from perfect since 

the beginning. Moreover, mechanical vibrations will induce 

drifting. Calibration of the vision system is unavoidable, and 

must be repeated when necessary. This will give the well-

known Fundamental Matrix, which we can then use to rectify 

images before processing. (See [4][5][6][7] for rectification 

related works.) 

We are working at LITIS laboratory on an integrated 

system, where the vision system will be self-sufficient. 

Besides its principal task that will remain scene analysis, it 

will periodically recalibrate itself, using only the current scene 
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elements. This self-calibration doesn't have to be in real-time, 

and can eventually "wait" for a proper scene to appear in front 

of the vehicle. 

Stereoscopic calibration has been well studied in the past 10 

years, but many papers focus either on intrinsic parameters 

[8], or on Fundamental matrix properties [9], and leave aside 

"real-world" implementations. In this paper, we assume the 

cameras intrinsic parameters are known. The reader can refer 

to some classical works [10][11] for an introduction on 

epipolar geometry and stereovision. 

This article describes our approach of the three steps 

commonly involved in the self-calibration process, that is: 

• Selecting points of interest (i.e. "corners") 

• Matching them 

• Computing the associated Fundamental matrix 

The first step is rather easy, but we introduce a filtering 

technique that helps removing unwanted corners. The most 

difficult points is matching, and after describing a published 

method [12], we propose two other methods, based solely on 

correlation, that show good results with road scenes. One of 

them is suitable for color images, using a simple HSV color 

space to take chromatic information into account. 

In this paper, we focus only on the algorithmic strategy, and 

do not take into account possible occlusions, as in a road 

context, most of the points of interest are located far enough to 

minimize them. This aspect has been dealt with by other 

authors [13][14]. Our goal will be here to minimize the 

numbers of outliers. 

Obtaining the Fundamental matrix, which describes the 

epipolar geometry, will also be discussed. Finally, we present 

some experimental results, and discuss them. 

II. 2 - SELECTING POINTS OF INTEREST 

The first step of the process consist in extracting interest 

points (i.e. "corners") in both images, to get some material for 

the further matching algorithm. At this step, we only use the 

luminance information of the image, as it contains most of the 

information. The most used corner detectors are the classical 

Harris corner detector [15], and the "Minimum Eigen Value" 

method, that searches for the minimum eigenvalue of the 

derivative covariation matrix for every pixel. Both of these 

methods where experimented, using Opencv [16] 
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implementation. The latter has given better results on road 

scenes, it appears to be more sensitive than the Harris 

detector. These methods give an integer position of the 

detected corner, refining them to a sub-pixel accuracy has 

shown to be unreliable. In our implementation, we use a 

minimum distance of 15 pixels between two corners, and a 

quality level of 0.04. 

After establishing a list of corners in each images, we set up 

a corner-filtering phase, in order to remove those who might 

be difficult to match. Indeed, a number of points are due to 

what can be called "scene-noise", opposed to structured 

elements of the scene. For example, small rocks in the grass 

will be detected by the corner operator, but will be very hard 

to handle correctly in the matching phase, as the image of 

another rock two meters away will present an excellent 

correlation score. (see fig. 1) 

 

  
interesting corner unwanted corner 

Fig. 1 : example of detected corners 

 

We use a two criterion method to remove these unwanted 

corners, one based on the histogram density, an the other 

using the image standard deviation. The first one is based on 

the idea that an interesting corner will have a wide gray level 

density. It extracts a small image around the corners position 

(typically 30 to 40 pixels wide), builds its luminance 

histogram, and counts the number of levels used. We then 

compare that number to an arbitrary threshold, and those 

corners not using "enough" levels will be tagged as so. 

The second criterion relies on the fact that the area around 

an interesting corner will have a high level of information 

embedded, which will appear as a high standard deviation 

value. We compute this value for the area around each corner, 

and tag all of them that are under a arbitrary threshold. 

Lastly, we remove from the list the corners that are tagged 

"bad" with the two criterions. In our implementation we use a 

low threshold of 20 for the standard deviation criterion, and a 

high threshold of 70 (over 255 possible values) for the 

histogram density. These values have been tuned 

experimentally with our scenes, and they are not very critical. 

III. MATCHING INTEREST POINTS 

This process is usually split up in two tasks: first, building a 

list of possible matches, using a distance and a correlation 

constraint, and second, selecting correct matches in this set, 

using more tight constraints. We will present three methods 

for the latter one, one of them being already published. 

A. Establishing a set of candidate matches 

We establish a list of possible matches, which are called 

"candidates matches". This list is obtained by parsing, for 

every left corner, all the right ones: We first consider if the 

distance between the left corner and the right corner is below 

a predefined threshold. We use 3 distance criterions, the 

vertical distance, the horizontal distance, and the euclidian 

distance, as show on figure 2. This way, the system can be 

tuned precisely to match the type of geometry and the type of 

scenes. 

 
Fig. 2 :  maximum matching distance 

One must be careful with these settings, as in a typical 

horizontal camera alignment configuration, close objects can 

have a high disparity value. Moreover, camera rotation around 

the roll axis can cause a high vertical disparity on the edges of 

the image. Thus it is recommended to set these parameters 

rather loose, as potential bad matches will be anyhow 

discarded later. 

For all the potential matches, i.e. those whose distance from 

left corner to right corner is correct, we then compute the 

correlation score using only the luminance information, using 

both the ZNCC (Zero-mean Normalized Cross Correlation) 

and ZNSSD (Zero-mean Sum of Squared Differences) scores, 

which are among the most commonly used in the vision 

community (See fig. 3 & 4). Only those matches giving a 

score above a threshold for both correlation methods are filed. 
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Fig. 3 : The ZNSSD correlation score 
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Fig. 4 : The ZNCC correlation score 
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The first criterion will give 0.0 for identical images, and the 

second one will give 1.0, and can give negative values. In 

order to be able to use them in the same algorithms, for the 

ZNCC criterion ,we store the value: 

2

)(1 , dc
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=  

In our implementation, we use a horizontal maximum 

distance of 90 pixels, 60 pixels vertically, and 100 pixels for 

the euclidian distance. For the correlation score, we use a low 

threshold of 0.22 for the ZNSSD score, and a high threshold 

of 0.88 for the ZNCC score. This allow us to have typically 

between 1000 and 3000 candidates matches, obtained from a 

set of 100 to 200 corners in each image. 

We will have now to find a subset of correct matches 

through this initial set. We experimented mainly three 

methods, two based on a table concept, using a 

disambiguating criterion to find for each left corner, the 

correct right corner, one of these methods being proposed by 

Zhang. The third method is based on a completely different 

approach, using the candidates matches attributes to build a 

vector, whose norm we will minimize to find correct matches. 

B. Extracting correct matches: The "Zhang" method 

In his paper [12], Zhang proposed an iterative method 

based on the assumption that a correct match has many other 

correct matches in his neighborhood, and introduced a 

strength of match (SM) criterion. This criterion takes into 

account both the candidates matches correlation score, and the 

neighbors correlation score, counterbalanced with their 

relative distance. Through a relaxation process, this method 

minimizes the sum of all SM, in order to obtain the optimal 

subset of correct matches. We present here briefly his method, 

and show some results obtained with our implementation. 

B-1 : Strength of Match criterion (SM) 

Each candidate match m made of corners m1 and m2 is 

associated to the value SM, that combines the match own 

correlation score and the neighbors contribution: 

∑ 
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with :  

• )(mcs  : correlation score of a candidate-match m 

• );( nmdist  : mean value of distances (m1,n1) and 

(m2,n2) 

• ( )rrnm εδ −= exp);(  if rr ε≤  and if n is a 

candidate match, 0 otherwise. 

• r : relative distance error between m and n, defined as: 
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B-2 : Relaxation process 

The matching is achieved through an iterative process, that 

computes the SM of all remaining possible matches, then 

updates the matches, and this until the sum of all SM's 

converges. Updating the matches is done through the use of an 

ambiguity criterion:  

First one must build two tables, TL and TR, from the initial 

candidates matches list: TL gives us, for every left corner, the 

list of possible matches that use this corner, i.e.; a list of 

possible right corner matches, TR gives us, for every right 

corner, the list of possible left corner matches. The idea is to 

check if the candidate-match M1 made of: 

• a given left corner CL 
• the right corner CRA presenting the maximum SM in 

the list of possible matches for CL 

is the same than the match M2 made of: 

• the right corner CRA 
• the left corner CLB giving the maximum SM in the list 

of possible matches for CRA 

After processing all available left corners, we have a list of 

candidates matches that give the highest SM for both of the 

two image points that formed them (called potential matches). 

We duplicate this list, one will be sorted by decreasing order 

of SM, the other will be sorted by decreasing order of 

ambiguity, this value being computed for each potential match 

as: 

121 SMSMU A −=  

with SM1 being the SM of the current potential match, and 

SM2 the following potential match's SM. 

Then, those matches that appear in the top part of the two 

lists (Zhang proposes 60%, must be bigger than 50%) are 

stored as correct pairs, and we discard all the candidates 

matches that are using one of the used corners, before starting 

a new iteration.  

C. The proposed iterative matching method 

The Zhang method has turned out to be quite deceptive in a 

road-scene context, so we developed another method, based 

on the same principle of selecting correct matches trough a 

disambiguating criterion, but without taking into account the 

neighbors contribution. We use the same "table" approach, but 

instead of the SM criterion, we select the corner that has the 

lowest correlation score as best choice. The algorithm is 

modified in the following way: 

For every left corner, we check if the candidate-match M1 

made of: 

• a given left corner CL 
• the right corner CRA presenting the minimum 

correlation score in the list of possible matches for CL 

is the same than the match M2 made of: 

• the right corner CRA 
• the left corner CLB giving the minimum correlation 
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score in the list of possible matches for CRA 

If it is, we then use a criterion to measure the ambiguity of 

the minimal correlation score corner compared to the second 

minimal one, and this for each table, and we only add this 

match to the final pairs list if it is higher than a reasonable 

threshold. With cs(cm) defining the correlation score of a 

candidate-match cm, this criterion is defined for two 

candidate matches cmA and cmB as: 

)(

)(

B

A

cmcs

cmcs
ua =    with )()( BA cmcscmcs <  always true 

As the difference between the two correlation scores will 

get higher, the criterion will have an decreasing value. Let us 

give the details of the algorithm : 

do: 

• Build the two tables TL and TR from the list of 

candidates matches 

• Search the next unused Left corner cL 

• In the table TL, fetch the match cmLA, made of 

corners cL and cRA, giving the minimum correlation 

score 

• Fetch the match cmLB, made of corners cL and cRB, 

giving the second best correlation score 

• Compute uaL = cs(cmLA) / cs(cmLB) 

• In the table TR, fetch the match cmRA, made of 

corners cRA and cLA, giving the minimum correlation 

score 

• Fetch the match cmRB, made of corners cRA and cLB, 

giving the second best correlation score 

• Compute uaR = cs(cmRA) / cs(cmRB) 

• If cmLA = cmRA : 

o If uaL and uaR are lower than the threshold: 

� Add this match to the final list 

� Remove all candidates matches that use 

cRA or cLA 

while ( Left corners left ) 

 

This whole algorithm must be repeated until no new pair is 

detected. One problem that may appear with this algorithm is 

that, in case of many possible matches for one corner, none 

will give a sufficient disambiguating score, and no new pair 

will be selected at all. So we set up an adaptative threshold 

strategy, that is we begin with a low threshold (0.4 in our 

implementation), and if no new pair is selected, we slowly 

arise this value (multiply it by 1.4), until it reaches a 

maximum value (0.7 for example). 

D. The proposed "vector" matching method 

This method introduces a different approach: instead of 

building, for each left corner, a list of potential right corners to 

match with, we consider only the initial list of candidates 

matches, and for every one of them, we build a vector made of 

several candidates attributes. These represent the differences 

between the candidates left and right corner. The main 

advantage is that it can easily handle chromatic information. 

In case of B/W images, the vector is build only with the 

luminance information, and if color images are used, we add 

correlations scores of the hue and saturation plane. 

The attributes list is build by extracting a small area around 

the detected corner, and dividing it in nine sub-images. For 

every one of these, we compute the correlation score between 

left and right images, and this for each color plane, hue, 

saturation, luminance, so we have a total of 27 attributes in 

our vector. The size of the area must be carefully choosen, as 

too small areas wouldn't give significant results, and a too 

large area would increase computational time, not to say about 

image occlusions that might appear. In our implementation, 

we use a area of 27 pixels (must be a multiple of 3) 

 

1 2 3 

4 5 6 

7 8 9 

Fig 5 : dividing corner area 

After building the vector for each candidate match, we 

compute the norm of each vector, defined as: 

∑=
i

ixI  

We can then sort the candidates list in increasing order 

using the vector nom, and start a iterative process, to extract 

valid pairs. The algorithm outline is presented below: 

do 

• fetch the candidate match that has the minimal vector 

norm, and add it to the final pairs list 

• discard all the candidate matches that use its left or 

right corner 

while( a new pair has been found ) 

 

The major issue with this algorithm is that it will add to the 

final pairs list matches that have a high norm value, and that 

are obviously outliers. For the moment, we bypassed this 

problem by stopping the iterative process when reaching 25 

pairs, which is about the number of final pairs that the other 

matching methods give, and is enough to compute a reliable 

Fundamental matrix. 

IV. COMPUTING THE FUNDAMENTAL MATRIX 

At this point, we have obtained from one of the three 

matching methods a list of matches, that we can use to recover 

the epipolar geometry, i.e. the Fundamental Matrix. Although 

these methods are designed to remove the maximum number 

of outliers, these are practically unavoidable. It has been 

shown [11] that the only methods that are able to give good 
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results with the presence of outliers, are the "Random Sample 

Consensus" (RANSAC) method and the "Least Median of 

Squares" (LMEDS) method. 

Both of these methods require a supplied error parameter, 

witch reflects the "a priori" knowledge of the precision of the 

expected estimation. Every data points that does not fit is then 

left unused by the algorithm, and tagged as rejected. We have 

experimented an iterative process to refine the computed 

matrix, by gradually removing points that had an epipolar 

distance higher than an self-adaptative threshold. This 

approach turned out to be deceptive, so we recommend the 

straight method. 

V. EXPERIMENTAL RESULTS AND DISCUSSION 

We have developed software implementing the calibration 

process described in this paper, and have processed several 

road image pairs. Test images were 640 x 480 pixels wide, 

and are of an unknown geometry. However, they are similar in 

orientation and baseline to what would been taken from an 

embedded road system (approximately 1 m. baseline). An 

example of scene, showing the detected corners, can be seen 

on figure 6. The filtering process, if enabled, leaves aside a 

rough 10 % of the corners (see fig. 6). 

 

 
Remaining corners after filtering 

 
Removed corners 

Fig 6 : scene 1: example of corner detection process 

 

In order to be able to compare the results, we defined 

manually for each image pair a set of corresponding points. 

These points are used to compute a ground truth fundamental 

matrix, using the classical "8 points" method. This method 

gives the best results, as the corresponding points are of 

course outlier free. 

We applied on each image pairs the three matching 

algorithms, and computed the distance between the estimated 

Fundamental matrix, and the reference one. This distance is 

computed using the "Laveau" method, as described in [11], 

p.184. It is based on the average distance between a random 

point and the corresponding epipolar line, while sampling the 

whole image. 

Experimental results for two sample sets of images, shown 

on figure 7, are presented. Table 1 gives the number of 

candidate matches obtained and used for each image, along 

with the computational time needed to build the set. The 

number of matches obtained is closely related to ROI and 

correlation parameters used (threshold and image area size), 

these parameters are adjusted for each image pair to obtain 

sufficient candidate matches. 

 

Scene 

Candidates 

Matches (Corner 

Filter Enabled) 

Candidates 

Matches (Corner 

Filter Disabled) 

Comput. 

Time (ms) 

1 1126 1540 110 

2 899 1046 230 

Table 1 : Number of candidates matches used 

 

Table 2 and 3 give the result of the matching process, for 

the three methods discussed here: number of matches found 

and computational time (computed with an Athlon 2400). All 

the parameters values are the default ones, as mentioned 

above. These results are obtained enabling the "corner filter" 

presented above for the 2 latter methods, the "Zhang" method 

gives better results without. 

 

Scene 
"Zhang" 

method 

Proposed 

Iterative 

method 

Proposed 

Vector 

method 

1 6.3 0.1 0.05 

2 3.3 0.19 0.08 

Table 2 :duration of matching process (s.) 

 

Scene 
"Zhang" 

method 

Proposed 

Iterative method 

Proposed 

Vector method 

1 119 44 25 

2 120 39 25 

Table 3 :Number of matches found 

Table 4 and 5 give the computed distance between the 

reference Fundamental matrix, and the estimated one, 

computed with the LMEDS and RANSAC algorithms. 

 

Scene 
"Zhang" 

method 

Proposed 

Iterative method 

Proposed 

Vector method 

1 145.4 87.2 90.1 

2 40.3 39.0 30.1 

Table 4 :pixel distance between reference Fundamental 

matrix and estimated Fundamental matrix (LMEDS) 
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Scene 
"Zhang" 

method 

Proposed 

Iterative 

method 

Proposed 

Vector 

method 

1 122.3 112.2 90.1 

2 91.1 39.0 36.3 

Table 5 :pixel distance between reference Fundamental 

matrix and estimated Fundamental matrix (RANSAC) 

 

 
Left Image 

 
Right Image 

Fig 7 : scene 2: corners detected and used 

 

Although results are still very variable with provided 

images and parameters settings, it appears clearly from our 

experiments that the "Zhang" method is deceptive in such 

context. Indeed, the assumption that a correct match will be 

surrounded by many other correct ones is not true in a road-

scene context, where corner density can be very sparse. A 

lonely match can be completely correct, although he has no 

neighbors. 

With the two other methods, results are generally good, 

once the corner filter has been enabled, although the 

fundamental matrix's accuracy is sometimes obviously not as 

good as expected. The iterative method gives slight better 

results, but the vector method has the advantage of handling 

color. Our test images were not very colorful, and it may take 

advantages of more precise color sensors. No significant 

performance differences have been found between the 

LMEDS and RANSAC algorithms. 

VI. CONCLUSION 

We have presented here two new matching methods, that 

were compared to a classical one. The preliminary 

experimental results show a significant reduction in 

computational time, along with better matching results. 

Further work will include studying the parameters influence 

on result accuracy, evaluating benefits of color information on 

the matching process, and computation of rectifying 

homographies. 
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