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Abstract
Camera calibration is an important problem in 3D computer vision. The
problem of determining the camera parameters has been studied extensively.
However the algorithms for determining the required correspondences are
either semi-automatic (i.e. they require user interaction) or they involve difficult to implement custom algorithms.
We present a robust algorithm for detecting the corners of a calibration
grid and assigning the correct correspondences for calibration . The solution is based on generic image processing operations so that it can be implemented quickly. The algorithm is limited to distortion-free cameras but it
could potentially be extended to deal with camera distortion as well.
We also present a corner detector based on steerable filters. The corner
detector is particularly suited for the problem of detecting the corners of a
calibration grid.
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Introduction

Camera calibration is a fundamental requirement for 3D computer vision. Determining the camera parameters is crucial for 3D mapping and object recognition.
There are methods for auto-calibration using a video from a static scene (e.g. see
[9]). However if possible, off-line calibration using a calibration object is used,
because it is more robust and easier to implement.
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Figure 1: The different stages of determining a planar homography

The problem of estimating the camera parameters given some calibration data
has been studied extensively ([12], [1], [15]). However the solutions for determining the initial correspondences are either semi-automatic (i.e. they require user
intraction) or they involve difficult to implement custom algorithms.
This publication presents
• a filter for locating chequerboard-like corners and
• an algorithm for identifying and ordering the corners of the calibration grid
The algorithm is based on standard image processing operations and is thus
easy to implement. The corner detector does not suffer from the problem of producing duplicate corners. The algorithm for detecting the calibration grid is robust
even in the presence of background clutter.
This paper is organised as follows. Section 2 gives an overview of the state of
the art. Section 3 presents a corner detector based on steerable patterns. Section 4
presents a novel algorithm for robust detection of the corners of a calibration grid.
Zhengyou Zhang’s method for determining the planar homography [15] is briefly
introduced in Section 5. Section 6 explains a simple special case of Zhengyou
Zhang’s method for determining the camera intrinsic matrix. Results and conclusions are given in Section 7 and 8.
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Calibration using Chequerboard Pattern

Usually the camera is calibrated by taking sequence of pictures showing a chequerboard pattern of known size. The chequerboard is a simple repetitive pattern, i.e.
knowing the width, height, and the size of each square, one can infer the 2D planar
coordinate of each corner. The correspondences between picture coordinates and
real-world coordinates are used to determine the parameters of the camera (also
see Figure 1). The calibration process is as follows
• The camera takes a picture of the calibration grid which has corners at the
~ 1, m
~ 2, . . .
known positions m
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Figure 2: Harris-Stephens corner detection followed by non-maxima suppression.
The corner detector sometimes produces duplicate corners

~ 02 , . . . of the corners in the camera image are deter~ 01 , m
• The coordinates m
mined
~ 0i ), i ∈ {1, 2, . . .} are used to determine the planar
• The correspondences (~
mi , m
homography H
• The planar homographies of several pictures are used to determine the camera parameters
The problem of determining the camera parameters has been studied extensively [15]. However the algorithms for determining the required correspondences
are either semi-automatic or they involve difficult to implement custom algorithms.
The popular camera calibration toolbox for Matlab [2] requires the user to mark the
four extreme corners of the calibration grid in the camera image. Luc Robert [10]
describes a calibration method which does not require feature extraction. However
the method requires an initial guess of the pose of the calibration grid.
The popular OpenCV computer vision library comes with a custom algorithm
for automatic detection of the corners. Inspection of the source code shows that
the algorithm uses sophisticated heuristics to locate and sort quadrangular regions.
Another algorithm by Zongshi Wang et. al [13] determines vanishing lines and
uses a custom algorithm to “walk” along the grid so that the corners are labelled
properly and in order to suppress corners generated by background clutter.

3

Corner Detection using Steerable Filters

Estimation of the planar homography starts with corner detection. The most popular corner detectors (Shi-Tomasi [11] and Harris-Stephens [4]) are based on the
local covariance of the gradient vectors. However these corner detectors tend to
produce more than one corner at each grid point (e.g. see Figure 2). The Susan
corner detector used in [13] even generates corners on the lines of the grid which
makes postprocessing more difficult. [7] uses “X”-shaped templates to match corners.
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Figure 3: Rotated filter as defined in Equation 1

We are using steerable filters for corner detection [14, 5]. A filter is steerable
if rotated versions of the filter can be generated by linear combinations of a finite
set of basis filters. Equation 1 defines a steerable chequer pattern.
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The coordinate systems of ~x and x~0 are illustrated in Figure 3.
Equation 2 shows the resulting filters for α1 = 0 and α2 = π/4.
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It is easy to show that the two filters f0 and fπ/4 are linear independent (see Equation 3).
!
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Equation 4 uses the addition theorems∗ to show, that every rotated version of
the filter is a linear combination of the two filters shown in Equation 2, i.e. the filter
is steerable.
fα (~x) =(x1 cos α − x2 sin α) (x1 sin α + x2 cos α) e

−
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2
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Figure 4 shows the two filters f0 and fπ/4 on the lefthand side. On the righthand
side it is shown how linear combinations of the two filters can be used to generate
a rotating pattern.
∗

sin 2 α = 2 sin α cos α and cos 2 α = cos2 α − sin2 α
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Figure 4: The two steerable corner filters are shown on the left side. The right side
shows a series of linear combinations generating a rotating pattern

Figure 5: Components of steerable corner filter and corner image with results of
non-maxima suppression

Figure 5 shows how the image is convolved with the two filters f0 and fπ/4 .
The Euclidean norm of the two results is used to define the corner strength (see
Equation 5).
(5)
C(~x) B (g ⊗ f0 )2 (~x) + (g ⊗ fπ/4 )2 (~x)
As one can see in Figure 5, our corner detector does not suffer from the problem of
generating duplicate corners.
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Algorithm for Detection of the Calibration Grid

In order to establish the corner correspondences for calibration, one needs an algorithm which ignores corners generated by background clutter. Also it is necessary
to label the corners correctly (i.e. establish correct correspondences). We present
a robust algorithm for detecting and labelling the corners of the calibration grid.
The algorithm makes use of existing image processing operations. Figure 6 shows
a visualisation of the algorithm.
1. A new image is acquired
2. The image is converted to greyscale
3. The corner strength image is computed as explained in Section 3
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1. input image

2. grey scale image

3. corner strength

4. corners

5. Otsu thresholding

6. edges

7. connected components

8. component with 40
corners

9. boundary region

10. boundary corners

11. vectors

12. vectors longer than
neighbours (also see
Figure 7)

13. rounded homography 14. rounded homography
x-coordinate
y-coordinate

15. numbered corners

Figure 6: Custom algorithm for labelling the corners of a calibration grid
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Figure 7: Identifying the four extreme corners of the calibration grid by considering
the length of each vector connecting the centre with a boundary corner (also see
step 12 in Figure 6

4. Non-maxima suppression for corners is used to find the local maxima in the
corner strength image (i.e. the corner locations)
5. Otsu thresholding [6] is applied to the input image. Alternatively one can
simply apply a fixed threshold
6. The edges of the thresholded image are determined using dilation and erosion
7. Connected component labelling [8] is used to find connected edges
8. A weighted histogram (using the corner mask as weights) of the component
image is computed in order to find the component with 40 corners on it
9. Using connected component analysis, dilation, and logical “and” with the
grid edges, the boundary region of the grid is determined
10. Using a logical “and” with the corner mask, the boundary corners are extracted
11. The vectors connecting the centre of gravity with each boundary corner are
computed
12. The vectors are sorted by angle and vectors longer than their neighbours are
located using one-dimensional non-maxima suppression (also see Figure 7)
13. The resulting four extreme corners of the grid are used to estimate a planar
homography. The rounded x-coordinate ...
14. ... and the rounded y-coordinate of each corner can be computed now
15. The rounded homography coordinates are used to label the corners
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The algorithm needs to know the width and height in number of corners prior
to detection (here the grid is of size 8 × 5). Since it is known that there are “width
minus two” (here: 6) boundary corners between the extreme corners along the
longer side of the grid and “height minus two” (here: 3) boundary corners, it is
possible to label the corners of the calibration grid correctly except for a 180◦
ambiguity. For our purposes however it is unnecessary to resolve this ambiguity.
The algorithm is robust because it is unlikely that the background clutter causes
an edge component with exactly 40 corners. The initial homography computed
from the four extreme corners is sufficient to label all remaining corners as long as
the camera’s radial distortion is not too large.
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Planar Homography

This section gives an outline of the method for estimating a planar homography for
a single camera picture. The method is discussed in detail in Zhengyou Zhang’s
publication [15].
The coordinate transformation from 2D coordinates on the calibration grid to
2D coordinates in the image can be formulated as a planar homography H using
homogeneous coordinates [15]. Equation 6 shows the equation for the projection
of a single point allowing for the projection error ~i .
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~) [15].
(using errors e
 
11 
e


 
0 0 −m011 m11 −m011 m12 −m011    e
12 
m11 m12 1 0

h11   
0 m
0 m
0 


e
0
0
0
m
m
1
−m
−m
−m
11
12

12 11
12 12
12 
 h12  21 
m
0
0
0
  and ||~h|| = µ , 0
m22 1 0
0 0 −m21 m21 −m21 m22 −m21   .  = e
 21
  .   22

0
0
0
 0
0 0 m21 m22 1 −m22 m21 −m22 m22 −m22   .   .. 
.

 .


 
..
..
..
..
..
..
..
..  h33
..
 
.
.
.
.
.
.
.
.
|{z} e
 n1 
|
{z
}
e
n2
C~h
CM
(7)
The additional constraint ||~h|| = µ , 0 is introduced in order to avoid the trivial
solution. Equation 7 can be solved by computing the singular value decomposition
(SVD) so that
M = U Σ V∗ where Σ = diag(σ1 , σ2 , . . .)
The linear least squares solution is ~h = µ ~v9 where ~v9 is the right-handed singular
vector with the smallest singular value σ9 (µ is an arbitrary scale factor) [15].
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Calibrating the Camera

Zhengyou Zhang [15] also shows how to determine the camera intrinsic parameters. This section shows a simplified version of the method. The method only
determines the camera’s ratio of focal length to pixel size, i.e. we are using a perfect pinhole camera as a model (chip centred perfectly on optical axis, no skew, no
radial distortion). For many USB cameras this model is sufficiently accurate.
Equation 8 shows how the matrix H can be decomposed into the intrinsic matrix A and extrinsic matrix R0 .
CA

}|
{ z
z
0
0 r11
 f /∆s


f /∆s 0 r21
H =  0


0
0
1 r31

CR0

}|
{
r12 t1 

r22 t2 

r32 t3

(8)

f /∆s is the ratio of the camera’s focal length to the physical size of a pixel on
the camera chip. The rotational part of R0 is an isometry [15] as formulated in
Equation 9.


1 0 ∗
!


(9)
R0> R0 = 0 1 ∗


∗ ∗ ∗
Equation 9 also can be written using column vectors of H as shown in Equation 10
[15].


~h> A−> A−1 ~h2 =! 0 and ~h> A−> A−1 ~h1 =! ~h> A−> A−1 ~h2 where ~h1 ~h2 ~h3 B H
1
1
2
(10)
Using Equation 8 and 10 one obtains Equation 11.
!

(h1,1 h1,2 + h2,1 h2,2 )(∆s/ f )2 + h3,1 h3,2 = 0 and
!

(h21,1 + h22,1 − h21,2 − h22,2 )(∆s/ f )2 + h23,1 − h23,2 = 0

(11)

In general this is a overdetermined equation system which does not have a solution.
Therefore the least squares algorithm is used in order to find a value for (∆s/ f )2
which minimises the left-hand terms shown in Equation 11. Furthermore the least
squares estimation is performed for a set of frames in order to get a more robust
estimate for f /∆s. That is, every frame (with successfully recognised calibration
grid) contributes two additional equations for the least squares fit.

7

Results

We have implemented the camera calibration using the Ruby† programming language and the HornetsEye library. Figure 8 shows the result of applying the algorithm to a test video. The figure shows the individual estimate for each frame and a
†

http://www.ruby-lang.org/
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Figure 8: Estimate for f /∆s for real test video

cumulative estimate which improves over time. A few individual frames are shown
in Figure 9. One can see that the bad estimate occur when the calibration grid is
almost parallel to the projection plane of the camera. Also the individual estimates
are biased which might be caused by motion blur, bending of the calibration surface, and by the device not being an ideal pinhole camera.
In order to validate the calibration method, the sequence of poses from the real
video was used to render an artificial video assuming a perfect pinhole camera. The
result is shown in Figure 10. One can see that the bias is negligible. The bias could
be reduced by using sub-pixel refinement of the corner locations (e.g. as shown in
[3]). Furthermore in order to achieve the closed solution for the planar homography
(see Section 5) it was necessary to use errors which only have approximately equal
variance. However the final estimate for f /∆s already has an error of less than 1h.
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Conclusion

We have presented a novel method for localising a chequer board for camera calibration. The method is robust and it does not require user interaction. A steerable
filter pair was used to detect the corners of the calibration grid. The algorithm
for isolating and labelling the corners of the calibration grid is based on standard
image processing operations and thus can be implemented easily.
A simplified version of Zhengyou Zhang’s calibration method [15] using a pinhole camera model was used. The algorithm works well on real images taken with
a USB webcam. The method was validated on an artificial video to show that the
bias of the algorithm is negligible and that the algorithm converges on the correct
solution.
The algorithm was implemented using the Ruby programming language and
the HornetsEye‡ machine vision library. The implementation is available online§ .
Possible future work is to develop steerable filters which can be steered in both
location as well as rotation in order to detect edges with sub-pixel accuracy.
‡
§

http://www.wedesoft.demon.co.uk/hornetseye-api/
http://www.wedesoft.demon.co.uk/hornetseye-api/calibration.rb
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Figure 9: Estimating the pose of the calibration grid
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Figure 10: Estimate for f /∆s for artificial video
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