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Abstract

For most imaging cameras, it is desirable that the sensor
plane be perpendicular to the optical axis. Such an orien-
tation ensures that the imaging configuration is perspective
and planar scene objects perpendicular to the optical axis
can be focussed in their entirety. In this paper, we have
presented an image processing based method to estimate
and subsequently correct the sensor tilt with precision. We
propose to measure the tilt by measuring the variation of
defocus in an image of a planar calibration chart placed
perpendicular to the optical axis. We have shown that the
proposed defocus based method is inherently more accurate
than geometry based techniques which estimate tilt by mea-
suring the deviation in the geometry of a scene pattern. We
have analyzed the sensitivity of the tilt estimates to errors
in the experimental setup and have shown that the proposed
technique is quite robust to errors even as large as 1 degree
in the orientation of the calibration chart.

1. Introduction

Accurate positioning of the sensor in an imaging system
such as a CCD camera is critical for a number of computer
vision tasks. Specifically, it is desirable that the sensor plane
be perpendicular to the optical axis. This considerably sim-
plifies the relationship between the 3-D world coordinates
of the scene and the 2-D coordinates of the corresponding
image, which, in turn, makes the camera calibration task
less complex. In addition, for cameras with finite depth of
field, a sensor at such normal orientation ensures that planar
scene objects placed perpendicular to the optical axis can be
focussed in their entirety.

In this paper, we present a method to place the sensor
in the normal orientation with precision. The method, in-
volves taking image of a special planar calibration pattern,
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Figure 1. Experimental setup

placed perpendicular to the optical axis. The basic idea used
is that the image of a plane perpendicular to the optical axis,
should be uniformly defocussed for a sensor in normal ori-
entation. If the sensor is not in the normal orientation, the
image blur varies linearly over the image. If the linear blur
variation can be estimated, it would yield an estimate of the
sensor orientation or tilt. The tilt in the sensor can then be
corrected by using actuators or manually. Geometric tech-
niques, for example, simple extensions of techniques pro-
posed by Faugeras [4], Maybank [5] and Triggs [11] can
also be used to estimate the sensor tilt. A non-linear ge-
ometric camera calibration technique, which includes esti-
mation of sensor tilt has been proposed and implemented by
Castano [1]. However, as we have shown in this paper, geo-
metric techniques may not give very accurate results due to
the discrete nature of the CCD sensor.

The parameters of the linear variation in image blur can
be estimated using a modification of the depth from defo-
cus techniques. The depth from defocus techniques have
been abundantly researched in literature [2, 3, 6, 7, 8, 9, 10,
12, 13]. Most of the techniques use multiple images (usu-
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Figure 2. A sample textured pattern

ally 2) of the same scene, under different camera settings
such as focal distance, aperture and distance between sen-
sor and lens. The difference in the images due to known
change in camera settings can be used to estimate the un-
known depth. In this paper, the defocus method is turned
around to estimate the unknown change in the camera set-
tings from the images, when the object depth is known.
Consider the experimental setup shown in Fig. 1. The planar
calibration chart consists of a small but complex/textured
pattern placed repetitively on a regular grid. A sample tex-
tured pattern that can be easily generated is shown in Fig. 2.
The calibration chart serves as a grid of planar identical ob-
jects, and by placing the chart perpendicular to the opti-
cal axis, the objects will also be equidistant from the lens.
The image of these objects on the sensor will be composed
of similar subimages placed repetitively on a regular grid.
These subimages are the images of each of textured pat-
terns and they will differ mainly in their extent of defocus.
These subimages can be considered as multiple instances of
the same object under different camera settings, which in
this case is the distance of the sensor from the lens. Any
depth from defocus algorithm can now be applied to es-
timate the blur parameters and these can be subsequently
used to find the perpendicular distance between the location
of the subimage and the lens. The array of perpendicular
distances can then be used to fit a planar surface, which is
an estimate of the orientation of the sensor surface.

This paper is organized as follows. In Section 2, we
present the proposed algorithm to estimate sensor surface
orientation. In Section 3, we compare the performance of
geometrical techniques and depth from defocus techniques
in estimating the sensor tilt. In Section 4, we analyze the
sensitivity of sensor tilt estimates to errors in the experi-
mental setup. Section 5 presents concluding remarks.

2. Estimating the sensor tilt

Consider the experimental setup shown in Fig. 1. Let
f(x; y) denote the image obtained of the calibration pattern.
Let ffi;j(x; y); 0 � i < M; 0 � j < Ng be the set
of subimages obtained by cropping regions of equal size
corresponding to each of the textured patterns. Let (xi; yj)
denote the centers of the (2P + 1) � (2Q + 1) textured

patterns in f(x; y) then

fi;j(x; y) = f(x�xi; y�yj) �P � x � P ;�Q � y � Q

(1)
where each pattern contains a 2P + 1� 2Q + 1 subimage
to be analyzed for defocus. If we assume that the maximum
radius of blur circle in the image does not exceed k pixels, it
may be adequate to include a border of k pixels around ev-
ery cropped subimage. These subimages are then processed
by a depth from defocus algorithm. In our experiments we
used Pentland’s method to estimate the blur parameters [6].

The subimages fi;j(x; y) are images of identical objects
except for the amount of defocus. If we neglect that the
amount of blur variation within a subimage and represent
the defocus over the entire subimage by a single kernel then
fi;j can be modeled as

fi;j(x; y) = f̂(x; y) �H(x; y; �i;j) (2)

where f̂(x; y) would be the object image if there was no
blur, ‘�’ represents 2-D convolution, andH(x; y; �i;j) is the
blurring kernel with one parameter �i;j . Under the above
blurring model and assuming a Gaussian blurring kernel,
Pentland has shown that given two images fi;j(x; y) and
fk;l(x; y), the amplitudes of their Fourier transforms are re-
lated as

2�2(u2 + v2)(�2i;j � �2k;l) = lnFi;j(u; v)� lnFk;l(u; v)
(3)

where Fi;j(u; v) represents the amplitude of the Fourier
transform of fi;j(x; y). The set of equations in (3), for dif-
ferent spatial frequencies u and v, has only one unknown
(�2k;l � �2i;j) and can be solved for easily, for example, by
using singular value decomposition to get a best fit solution
for it.

Using the method outlined above, we can compare each
of the subimages fi;j(x; y) to a fixed subimage denoted by
fio;jo(x; y), to obtain an array of values ei;j = (�2i;j �

�2io;jo). Since the blur � varies linearly with distance from
the lens, which in turn varies linearly across the image, the
variation of ei;j over the grid of subimages is quadratic. Let
the variation of blur parameter be given by

�i;j = axi + byj + c; (4)

then,

�2i;j ��2io;jo = a2x2i + b2y2j +2c(axi+ byj)+2abxiyj� ĉ;

(5)
where

ĉ = (axio + byjo)
2 + 2c(axio + byjo) + 2abxioyjo

We can estimate a2 and b2 by fitting a quadratic surface
to the values in array ei;j over the grid of subimages denoted
by (xi; yj). The estimates of a and b yield the sensor tilt.
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Figure 3. Geometry of a 2-D camera

3. Accuracy of geometric v/s defocus based
techniques

In this section, we will compare the performance of ge-
ometric techniques and the proposed technique. Geomet-
ric techniques measure the amount of tilt by the amount of
geometric distortion it causes in the image of a known pat-
tern. Consider a simple 2-D (linescan) camera configuration
shown in Fig. 3. It shows a ray R passing through the lens
center at an angle � to the optical axis, and touching the
sensor at position A. The sensor makes an angle of (90+�)
with the optical axis. Let F be the distance between the
lens center and the optical center of the sensor. Then by
simple geometric analysis it can be shown that the distance
AC = F sin�

cos(�+�) . Thus the amount of geometric distortion
(�), i.e., the displacement in the image plane location of R,
caused by tilting the sensor by angle � is given by

� = F (
sin�

cos(� + �)
� tan�) (6)

Due to the discrete nature of the CCD sensor, a minimum
distortion must occur in order to be detected. Let us assume
that the minimum distortion required is 1 pixel which is typ-
ically 10 microns on a CCD sensor. Then, for � = 10o,
which is the typical half-angle of view for a 25mm CCD
camera, the value of � = 0:744o. This implies the sensor
tilt should be at least 0:744o for the geometric techniques to
detect it !

Now consider the proposed method. Assume that we are
estimating the tilt using the calibration pattern at a distance
d from the lens. Then, the distance d, blur circle diameter �,
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Figure 4. 2-D imaging geometry with a tilted
calibration plane

and distance v of the sensor from the lens are related by [6]

d =
Fv

v � F � �f
(7)

where F is the focal length and f is the f-number. Equation
(7) can be rewritten as

v =
dF + d�f

d� F
(8)

Thus when � = 0, vo = v = dF
d�F

. The expression (v� vo)
denotes the depth of field of the camera for an object at a
distance d and is given by

v � vo =
d�f

d� F
(9)

Assuming that the depth from defocus algorithm is ca-
pable of detecting defocus when � � 1 pixel, then for
F = 25mm, f = 2 and d = 400mm, v � vo = 21:3
microns. Typical size of 2/3” CCD is 10mm x 10mm and
thus the depth from defocus algorithm will be able to detect
sensor tilt even when � is as low as tan�1 21:3

10000 = 0:12o.
Comparing this number with that obtained using geomet-
ric techniques, the proposed method is significantly more
accurate. In fact, one can further improve the accuracy by
increasing the distance between the calibration chart and the
lens or even the aperture size.

4. Sensitivity of defocus based technique to er-
rors in experimental setup

In this section, we derive the variation in blur due to a
tilt in the calibration plane itself. In order to decouple the
variation in blur due to the sensor tilt and the tilt in the cal-
ibration plane, assume that the sensor is perpendicular to
the optical axis, while the calibration plane makes an angle
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(90 + 
) with the optical axis, as shown in Fig. 4. For sim-
plicity, we assume a 2-D geometry. Let d0 be the distance
of the calibration plane from the lens along the optical axis
and � be the half-angle subtended by the calibration pattern
at the lens center. The relationship between the blur �0 in
the image of point A and its distance d0 from the lens is
given by [6]

d0 =
Fv

v � F � �0f
(10)

Let d1 be the perpendicular distance between the farthest
point (B) on the calibration chart and the lens. Let the blur
associated with the image of point B be �1. Then,

d1 =
Fv

v � F � �1f
(11)

Using equations (10) and (11), it can be shown that

�1 � �0 =
Fv

f
(
d1 � d0

d1d0
) �

Fv tan(�) tan(
)

fd1
(12)

By using simple lab instruments one can easily align the
calibration pattern to within 1 degree error, thus 
 < 1o.
For F = 25mm, d1 = 400mm, f = 2 and � = 10o, the
maximum variation in the blur parameter over the sensor
is 2.45 microns, which is one-quarter of size of pixel in a
typical 2/3” CCD. This variation can be further reduced by
increasing the distance between the calibration pattern and
the lens. This analysis shows that the proposed technique is
quite robust to experimental errors.

5. Conclusions

We have proposed a new technique to estimate the ori-
entation of the sensor plane. This technique is based on the
fact that for a planar object placed perpendicular to the op-
tical axis, its image exhibits a range of blur determined by
the orientation of the sensor. This orientation can thus be
determined using any method that can estimate blur. For
example a depth from defocus algorithm can be used for
estimating the variation in blur. We have also shown that
the proposed technique is significantly more accurate than
geometric techniques. An analysis of the sensitivity of esti-
mated orientation to errors in the experimental setup proves
that the proposed technique is robust.
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