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Abstract

Jones [1] recently presented a novel calibration procedure
that usesa linearized model of the projection of the height of
a person to recover the image-plane to local-ground-plane
transformation with minimum expert intervention. In this
paper we present an addition to the work of Jones [1], by
further reducing the measurements needed to be made man-
ually to define the image-plane to ground-plane homogra-
phy. We also do an analysis of the sensitivity of the recov-
ered transformation to errors in measurements and noise,
and point out how to use the method to achieve best cali-
bration results.
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1 Introduction

A good camera model for image-plane to ground-plane
transformationsis a useful thing to have when tracking peo-
ple or moving objects within monitored scenes. It allows
the tracking to take place in world coordinates rather than
in image coordinates and this has several advantages:

(i) motion models are easier to construct in world coor-
dinates;

(if) constraints on motion are more easily imposed;
(iii) occlusions become easier to ressolve;

(iv) and the definition of a common coordinate system in
the case of multi-camera tracking configurations is
made simpler.

The camera model as described by Tsai [2] is based on the
pin hole model of perspective projection. This model is de-
fined by a set of intrinsic parameters and extrinsic parame-
ters.

Intrinsic parameters are the internal properties of the
camerathat describe how the cameraforms an image. Tsai
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[2] includes the following internal parameters: focal length,
pixel dimensions, distortion coefficients and the pixel coor-
dinates of the optical center.

Extrinsic parameters describe the camera's pose: orienta-
tion and position in the world coordinate frame. The exter-
nal parameters are simply the rotation angles and the trans-
lation components for the transformation between world
and camera coordinate frames.

Auto calibration methods aim to obtain those camera
parameters without the need for manual time-consuming,
labour intensive and skill-dependent procedures based on
variations of the Tsai method [2, 3].

The method proposed by Jones [1] to recover the im-
age to the local-ground-plane transformations uses a linear
model of the projected height of objectsin the scenein con-
junction with world knowledge about the average person’s
height (assuming the person is standing) and the height of
the camera above the ground. The camera parameters that
are estimated using this method are the pixel width to focal
length ratio in the y-direction and the look-down angle of
the camera.

In section 2 we describe the cameramodel used by Jones.
We describe how the linearized height model relates to the
actual projected height model, and how it can be used to es-
timate the camera parameters. In section 3 we present our
improvement on Jones' method, that allows a more robust
estimation of the camera pose and does not require the prior
knowledge of the camera’s height. In section 4 we investi-
gatethe sensitivity of our method to noise and distortion and
explain the conditions that have to be met for the method to
be suitable for a given camera calibration problem.

2 Theauto calibration method

2.1 TheCamera Modd

The cameramodel used in this paper isadightly simplified
version of the one used by Tsai in that the optical center is



assumed to be the center of the image and radial distortions
and other camera aberrations are not taken into considera-
tion.

Establishing camerato ground homography requires that
the ground plane coordinate system (GPCS) origin be cho-
sen relative to the camera position and orientation, which
defines the image plane coordinate system (IPCS). Figure 1
shows the rel ationship between the GPCS, the IPCS and the
image plane.

The GPCS has origin O and is defined as follows:

e The Y-axis Y, is the projection of the optical axis
along the ground plane.

e The X-axis X, is the vector within the ground plane
normal to the cameraoptical axis.

e TheZ-axis Z, isthe normal to the ground plane.

The position of the focal point, O, is directly above the
GCPS origin Og at (0,0,L).

The IPCS has O, asorigin and is defined as follows:
e Thex-axisX isparalel to X adistance L away.
e They-axisy is perpendicular to the optical axis.

e The z-axis , coincides with the optical axis. It makes
an angle 6 with Z, called the look-down angle of the
camera.

A point x (X,y,z) inthe IPCSis mapped to X (X,Y,Z) inthe
GPCS by the transformation (R, t), where R isarotation 6
about X and t atrandation, inthiscase [0, 0, L]T.

The image plane is parallel to the plane defined by X and
and is located a distance f (focal length of optical system
for the camera) from it.

A point P on the image plane has coordinates. xp =
(X,y, —f). The pixel coordinate system (PCS) liesin the
image plane and has its origin at the top left corner of the
image, shown by Op and is defined as follows:

e i isthe column position of a pixel.
e j istherow position of a pixel.
e (ip,jo) isthe optical center.

The PCS is related to the IPCS by: x = ax(j — jo) and
y = ay(i —ip) where ax and «y are the horizontal and
vertical inter-pixel widths. Thus
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wherea)f = ay/f anda; =ay/f.

FIGURE 1: The Camera, IPCS and GPCS

Let | be the optica ray containing O and P. | can be
described by: x = uxp where u isascaling factor. And let
P be the image of Q, an object on the ground plane. Q is
then the intersection of | with the ground plane.

Tofind Q inthe GPCS, | must be mapped from the IPCS
to the GPCS. | isthen described by:

X = uRxp +t. Xq, the GPCS coordinates of Q in terms
of i and j isfound by solving:

X/

Y/

0
[Note that the constant f in (1) is absorbed by u']. This
yields:

ax (jo— }) 0
=1 |ayio—i)coso+sno |+|0| (@
ay (io — i) SinG — cosd L

fo. .
Cost —ay (ip —i)sing
v _ Lisin@ +ay (ig— i) cosh) @

cos6 —ayf (ip—1i)sing

2.2 Theheight model

In this section we show how the projected height model can
be used to infer depth. The GPCS coordinate of a person’s
head is the point of intersection of | with the plane parallel
to the ground plane at a height (L — H) below the camera,
where H is the height of the person. Let the image coor-
dinates of the feet and head of the person be (i1, j1) and
(i2, j2) respectively. The image of the head appears h pix-
els‘above' that of the feet, so:

ip=h-+is (5)



Let the ground-plane coordinates be (X7, Y;) and (X5, Y).
Then using (4) we get:
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Since the head is above the feet in the GPCS we can let

Y2
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and by substituting (5) in (8) and simplifying we get:
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This gives us a projected height model that computes the
height in pixels of theimage of aperson at image coordinate
i1, given that we know his real height H, the height of the
camera above the ground L, the angle the camera makes

with the vertical 6, and the pixel width to focal length ratio

f
ay.

2.3 Thelinearized height model

Jones [1] goes on from here to assume the above relation-
shipislinear, with some precautions about steep camera an-
gles. Figure 2 shows usthat indeed the relationship deviates
more and more from linearity as 6 is decreased. In section
4 we give amore quantitative analysis of the validity of this
linearization.

Thislinear relationship is expressed as follows:

h=y( —in) (10)

where y is caled the height expansion rate and iy, is the
pixel row coordinate of the horizon. By recording how h
varies with i over a number of frames, the values of y and
i can be recovered.
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FIGURE 2: hvsi for different 6

2.4 Using the linear model to perform cali-
bration

For a person of height H standing on the ground plane at
point R (see figure 1), where the projection of the optical
axisintersectsthe ground plane, i1 = ig and using (5), iz =
ho.

Substituting in (9) simplifiesto:

H cosf sing

ho = (11)
ay (L — H cos?)
ho isaso found using the linearized model (10):
ho =y (io —in). (12

Thelook-down angle 6 isdirectly related to the horizon pa
rameter i by:
. . coto
(lo—1h) = —
@y
Substituting (ip — i) from (13) in (12), equating to (11) and
simplifying yields:

(13)

(14

Once asuitable number of (i ,h) measurements are recorded,
y and i can be obtained. 6 can be then be calculated using
(14) given H and L. Once 6 is known, oaJ is calculated
using (13).

3 Estimating the camera height

What was observed when trying to estimate the height of the
camerafor aset of observations of aperson of known height
H, was that there are several possible solutions of 6 and L
that fit the height model. In other words the problem is
somewhat underconstrained. To impose enough constraint
on the problem, one has to simply “watch” more than one
person. For each person of different height Hp, collect data
points and work out a different i, as shown in figure 3.

If one definesT'p and 7 as:

1-—
Mp=—2° (15)
Vp
hOref (16)

P = Hret 'hOp’
where H;er and hgres is the known height in m and corre-
sponding height in pixels of one of the personsin the scene,
equation (14) can bere-written as:

L 1
r= -n = 17
snZg " §nfg (17)
By applying linear regression to the set n, I (see figure 4),
we can calculated and L.
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FIGURE 3. Measurements of (i,h) for 4 people of different
heights.

Walues obtained for 4 people

FIGURE 4: Cdculated (»,I') for the 4 people.

4 Accuracy of method and sensitivity
analysis

A calibration method is only useful if it yields reasonably
accurate results. In this section we describe how to use our
method successfully and what results should be expected
given a calibration problem. We also make a few sugges-
tions about how to get around some of the limitations of the
method.

The camera parameters that the method estimates are 6,
L, and a; by observing how the height in pixels hegip of
people of height Hp, vary with the vertical pixel position
icalib, Where Hp = n_lp'

4.1 Senditivity of estimated 6 toerrors

6 is calculated from y and Hy using (17) or (14). If you
look closely at the formulation for finding 6 in (14) you will
notice that sin® @ is quite sensitive to errorsin y. Figure 5
gives you a good idea of how sensitive it isto y and Hyp.
The calibration method uses a linearized height model and
as shown in the previous section, the actual height model
deviatesfrom linearity as6 decreases. Thisinducesan error
in ip that gets worse as 6 decreases. Although this error

Warfation of estimatid 8 with y for various &

FIGURE 5: Sensitivity of 6 to errorsiny and Hp

is small it is enough to affect Oestimated Significantly. We
found that it is simpler to compensate for the error directly
on 6 than on ip. The compensation factor for 6 was found
by comparing Bestimated With Oactual :

Bactual = 0.650estimated + 27(degr ees) (18)

4.2 Senditivity of estimated L toerrors

L isasocalculated from y and Hp using (17). L ishowever
less sengitive to errorsin y as seenin figure 6.

Warlation of estimated L with  for different H
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FIGURE 6: Sensitivity of L to errors

4.3 Sensitivity of estimated oe; toerrors

ay is estimated from 6 and in using (13). in would not
typically be part of the calibration set. It is estimated from
the linear model. h

0

ih=io— — (19)
14

Figure 7 shows how a; varieswith y for different 6.
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FIGURE 7: Sensitivity of a; to errors

4.4 vy, thelinearized model paramter

As seen above, all the estimated calibration parameters are
calculated using y, so it is very important that a good value
of y isobtained. Errorsin y are induced by the following
factors:

(i) Not using a good calibration set.
The height model islinearized about ig, (actually y =
%h:io), so0 the mean(icqip) Must be asclosetoig as
possible even if it means disguarding some calibration
points. Thisconstraint on the calibration set can easily
be automated. Figure 8(a) shows how y varies with
mean(icalip). Note that for smaller values of aJ , Y is

less sensitive to errors. Hence, the higher a; (or the
lower the focal length), the more difficult it is to get
accurate results.

Lens Distortion effects.

Figure 8(b) shows how y will be shifted from its cor-
rect value for different 15 order radial distortion co-
efficients «. It should be quite clear that the method
will fail to give good results for cameras with high
distortion if no compensation is made. (A method for
estimating « is currently being looked at.)

(i)

(iii) Segmentation errors.

The calibration set is obtained typically by using di-
mensions and positions of bounding boxes around
people-like moving blobs, which requires some form
or another of segmentation. Random segmentation er-
rors will be averaged out by using a large calibration
set. However, segmentation errors, such as shadows,
heads or feet ‘chopped off’, systematically occuring
in certain parts of the screen will biasy. Care must be
taken that no such errors occur during the calibration
process.

1
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FIGURE 8: Senditivity of y

45 Senditivity for extrinsic parametersonly

The limitations of the method are made quite clear above.
There are certain cases where the method just cannot practi-
cally be used to estimate both intrinsic and extrinsic param-
eters. However, the same linear model can be used, much
morereliably, to estimate automatically the extrinsic param-
eters6 and L if intrinsic parameters are obtained prior to the
installation of the camera.

With « known, (icalib, Ncalip) can be compensated for to
yield better . With a; known, 6 can be calculated fromip,
using (13), and L using (14). Figure 9 show 6's sensitivity
with y. It isvery clear that 6 is much less sensitive in this
case.

5 Reaults

In this section the method is evaluated. The test installa-
tionsinvolve three different camera setups. Asdescribed in
section 2 the projected height model for each camera setup
isrecovered by observing the variation of hegjip With icalip.
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FIGURE 9: Sensitivity of y for extrinsic parameters only

Sequence
Distortion, k
Correct L

Tsai L
Estimated L
Correct theta
Tsai Theta
Estimated theta
Tsai alpha

1
-0.30
263
2.70
2.6d
76.0
74.0
4.0
0.0018
0.0018

2
-0.30
283
2.9
2.89
70.3
6.0
71.0
0.0018
0.oo7

3
-0.24
263
2.70
272
7E.0
74.0
720
0.0026
n.oozz

@) (b)

© )

Estimated alpha

FIGURE 10: Cadlibration results

Figure 10 shows comparisons of our methods and another
method based on the traditional Tsai [2] and ground truth
data. Those results show that for the first two setups, where
a; is small our method performs relatively well for find-
ing both intrinsic and extrinsic parameters. However for the
third setup where aJ is greater, the method yields less ac-
curate results.

6 Conclusions

In this paper we have presented an automatic calibration
system for fixed camera person tracking applications. When
possible the method can automatically recover instrinsic pa-
rameter oz; and extrinsic parameters L and 6. We have also
presented an extensive study of how sensitive the estima-
tions are to errors, thus detailing some of the limitations of
the calibration method. The results that are included show
that provided conditions spelt out in section 4 are met, the
method will yield results comparable to the classical cali-
bration methods. Further work would entail the automatic
estimation of the distortion parameter « and possibly oz)I,
which in this paper was assumed to be equal to a; .
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FIGURE 11: Tracking in 3D using above results
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