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Abstract camera, computes in constant time, the pan-tilt location of
any other arbitrary pixel in the given image. All that is re-
We propose an ef cient active camera model to map im- quired for this model is an estimate of the focal length (in
age coordinates to the camera’s pan-tilt orientations imeo  pixels) of the camera. There is no need to know any other
stant time. The model is based on the elliptical locus of the camera or scene-speci ¢ parameters. The principal idea be-
projections of a xed point on the original image plane of hind this model is that the locus of a point on a xed image
a moving camera. The parametric location of this point plane, as the camera rotates, forms an ellipse from which
along the ellipse de nes the change in camera orientation. the pan and tilt can be computed. In this paper, we address
This model does not require any knowledge of camera pa-cameras mounted on pan-tilt heads (zoom will be addressed
rameters other than the focal length. Using synthetic and in future work).

real data, we show the accuracy of the model by generat- |, gect. 2, we discuss previous approaches to active

ing seamless spherical panoramas from a set of images ant;amera modeling. Section 3 describes the proposed model
demonstrate the applicability of the model with a real-time , getail. Section 4 covers the experiments which involve

active tracking application. panorama generation and an application of the model to ac-
tive tracking. We conclude with a summary in Sect. 5.

1. Introduction

Pan-tilt (and sometimes zoom) cameras are extensivelyz' Related Work
used for wide-area surveillance. Tracking and activitylana - . _

o . : . Most existing camera models assume idealized mechan-
ysis in such environments requires continual coverage of.

: . ics where the optical center and geometric center of the
the entire area by the cameras. While these cameras canng ; .

. . . . camera are collocated, and the rotation axes are aligned [1,
adequately cover the entire space in a single view, they ca

: . : . , 5, 9]. However, this is not true with most commercially
be directed to look at changing areas of interest using pan_’ _. .

. . available cameras where the pan-tilt motor center does not
and tilt controls. For example, an automatic system could

. ; . —coincide with optical center of the camera. Extending the
be developed to continually track a person while keeping . ; o

. ; ideal model, [4] accounts for rotations around arbitrarig ax
the person centered in the image. Therefore, when process- . . -,
ot . in space. This results in a great deal of additional data hav-
ing images captured by these cameras, there is a need tg

) . . . . Ing to be collected to robustly calibrate all camera parame-
map the image pixel coordinates from tracking to their cor- 9 y P

. o . . rs, which th ing LED marker . Moreover, thi
responding pan-tilt orientations in world space (to mowe th ters, ch they do using arker data. Moreover, this

. . . hni mpl n iterative minimization techni h
camera to a new location corresponding to the centroid of.teC que employs an iterative ation techniqué tha

: : .~ is computationally expensive. In [6], they propose a more
th_e target_m t_he current image). Thergfore_, unde_rstandmgcomplex model where they employ a highly non-linear rela-
this mapping is a fundamental tool which aids active cam-

N tionship between image coordinates and world coordinates
era applications.

c | dels h b ted to add which is then linearized. They solve for a closed-form so-
_~omp'ex camera models have been suggested [o addreggy; , by iterating until convergence. In [2], a “correatio
this problem [4, 6]. However, we propose a simple, yet re-

liabl del which ai th i filt val f th matrix” is used to continuously update the camera param-
lable, model which given the current pan-tit value otIne - oio 5 with the latest pan and tilt information as the camera

Appears in IEEE Workshop on Applications of Computer Vision MOVES. However, this information is not precise enough for
(WACV) 2008. pixel-level mapping.
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Figure 1. Camera Geometry. (a) Overall geometry of the cameraln{b)i€alculation of change in pan . (c) Calculation of minor axis
b (co is a circle of radiud centered a€ and parallel to the ground plane).

3. Framework the original image pland form an ellipse. This is evident
. . . from the fact that the intersection of a plane with a cone is
We present a simple model FO map the image coordlnatesan ellipse. Therefore, the locus of projections offiento
(x;y) fo the W.Oﬂd camera _orle_ntatlor(q;)an;tllt ). The .l isthe ellipse ¢;) centered aC. Similarly, the locus of an
main idea behind this mapping is that the locus of a point

d (the original) i : h arbitrary pointP on| as the camera pans is also an ellipse
on a xec (the original) Image plane, as the camera rotatgs,(ez)_ This ellipse intersects thé axis on the image plane
is an ellipse. The goal is to nd the change in pan and tilt

! . ) . A at pointP 2 Knowing the camera's currefipan; tilt ) loca-
along this ellipse to center the poif;y) in the new im- P g (p )

, . X tion, our goal is to magP's image coordinateéx;y) to a
age (after applying the new pan-tilt rotations). The change change in pan () and a change in tilt ( ) that would cen-
in pan is essentially a function of coordinafesy), the fo-

. . ) ) ter the pointP in the new image (after panning and tilting),
cal length, and the major axis of the ellipse. This changethus making® = R in the new image.

is pan is further used to compute the location of the point Change in Pan:First we compute the change in pan

along the ellipse, in terms O.f a parametric eq“"?‘“"”- This Consider a plane parallel to the ground plane and passing
parameter value, together with the focal length, is then em-through the poin® (see Fig. 1(b)). Suppose this plane in-

ployed in the caICL_IIation of_the change_in tilt. We describe tersects lineDC atM . Therefore4 PMQ is parallel to

the geometry of this model in the following section. the ground plane. The desired change in pais the angle

between planeBP C andMQC . The angle between two

planes is the measured along a plane which is perpendicular
Figure 1 provides the main geometric relationships de- to both planes. In our case, this plandi® MQ and hence,

scribed in this section. The poif represents the optical the desired angle is\ PMQ.

3.1. Geometry

center (nodal point) of the camera, which is currently dilte This angle is computed as follows

down at angle from the horizon. The ra@N is the princi-

pal axis and when the camera pans a com@étedegrees =tan ! X i (1)
attilt , a cone carved out. The image pldnis perpendic- (y+a) sin

ular to the principal axi©®N and intersect®©N at pointR,

which is the principal point, at a distance equal to the focal

lengthf . For any arbitrary poinP on the image plang,

we wish to understand its locus dinis image plane as the f

camera pans through some arbitrary angle. a= @an
Consider the principal poirR. As the camera pans, the

projections of successive principal fdgi; Ro; R3; ::: onto Substituting the value od from Egn. (2) in Eqn. (1), we

wherea is the length of major axis of the inner ellipsg
and is given as (see Fig. 1(a))

)

an



get
1 X

=tan -
y sin +f cos

®)

Additionally, the length of the minor axid) of e; is given
as (see Fig. 1(c))

b= — 4)

Change in Tilt: Next, to compute the change in tilt ,
we need to nd\ P°OR (see Fig. 1(a)). Let lin€P inter-
sect the inner ellipse; at pointE. In terms of the para-
metric equation of an ellipse, we can represent phirds
(acos(); bsin(t)). Since the two ellipses; ande, are con-
centric, the values of this parameteat E (for ;) and at
P (for &) are equal. IfA andB are the major and mi-
nor axes of the outer ellipse (of which the arcPP?is
a part), we can represent poiRt as (A cost); B sin(t)).
From Fig. 1(a) we see that

A cost)=y+a (5)
B sin(t) = x (6)

Also sinceg- = £, we can now compute the valuetofs
t=tan ¥ & X (7)

b y+a

Using the parametric equation f&r, along with Eqn. (7),
we can nd the length4) of the major axis ok, as

y+a

A= 1 (8)
a X
cos tan “(p iz
We can now nd\ P°OR (i.e., )as
=tan ! A_a 9)

f

we employ a least-squares formulation based on Egn. (3) to
learn the value of

O w tws 1 0 1

X1 yisn fan 1
5 K-

tan , cos 1
Xn Yn SIN tan

(10)

We note that this model assumes perspective projections,
and hence radial distortion correction can be employed if
needed.

3.3. Advantages

An important advantage of the proposed model is that it
requires no knowledge of the eld-of-view or camera pa-
rameters other than the focal length. Also, previous mod-
els [4, 6] have proposed approaches for the problem of mis-
alignment of the pan and tilt axes and the issue of the op-
tical and geometric center of the camera not being collo-
cated. These problems are observed in most commercially
available cameras. However, our model is independent of
these problems since it “simulates” a virtual camera latate
at the optical cented. As we do not model the actual cam-
era eld-of-view, the images could be considered to have
been taken from this virtual camera centere®atHence
the complete pan-tilt space is oriented with respect to this
virtual camera aD, not the actual camera geometric center.
Even though the geometric center is displaced, the varia-
tion of pan and tilt of this virtual camera at any instant is
always consistent with the pan and tilt of the real camera.
Also, our model is much simpler as compared to existing
approaches which use either an expensive table-lookup pro-
cess [10] or iterative convergence methods to get closed-
form solutions [4, 6]. Our model is also faster since the
algorithm computes the necessary values in constant time.

4. Experiments

Using these equations, we get the desired changes in pan 1he proposed model enables the mapping of(thg)

and tilt angles necessary to center pdhtin the image
plane.

3.2. Focal Length

The focal lengtH (in pixels) is the only camera param-
eter needed by the model. We learn the focal lerigtis-

coordinates of any image pixel to its corresponding
(pan;tilt ) camera orientation in world space. To examine
and test this model, we performed multiple experiments us-
ing synthetic and real data. The rst experiment tests the
accuracy of the model over a wide eld-of-view by captur-
ing images across an entire scene, mapping the individual
pixels to their corresponding location in pan-tilt, andlias

ing several points whose pan-tilt locations are known in the generating panoramic images. If the model is suf cient, the
scene. We start by pointing the camera to an area rich in feaindividual images should register correctly and the résgilt

tures/structure and then select several key point locgiiion

panoramas should be seamless. We also demonstrate a real-

the image. Next, we move/center the camera to those locatime active camera system, using the proposed model and
tions and store the corresponding pan and tilt changes froman established tracking algorithm to automatically moee th

the initial orientation. Using the changes, i) for each
of the locations X;, y;) and the initial/base tilt () value,

camera such that the subject being tracked is always cen-
tered in the image.
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Figure 2. Synthetic data experiment. (a) Top-down view of the virtudremment showing location of the camera. (b) Resulting panorama.

4.1. Panorama generation Since the automatic gain control (AGC) could not be dis-
abled as the camera moved to new locations, there were il-
lumination differences in the scene and consequently these
differences are re ected in the panorama (see Fig. 3(a)).
To overcome this brightness change problem, we used the

Initially, we tested our model using a virtual environ-
ment synthetically generated in Maya. The environment
consisted of multiple 3D geometric objects placed at ran-
dom locations in the scene (see Fig. 2(a)). A virtual pan- : L2 I
. o . technique of deriving intrinsic images [8] to compute a
tilt camera was positioned near the center of these objects S e

fe ectance-only panoramic image. By shifting the pre-

above the scene. By orienting the camera to a set of pre- . . .
: . . con gured pan and tilt coverage locations in 5 and 1 degree
con gured pan-tilt locations, we collected images suctt tha

: intervals respectively, we generated multiple panoranfias o
they cover the complete pan-tilt space. For the zoom Ievelthe same scene at different times of the day (thus havin
employed, a total o776 images (0f640 480 resolution) Y 9

! . e different illuminations). While generating the intrinsim
were required to cover the scene with minimal overlap. Af- : .
ages, we separated the luminance and chrominance chan-

ter estimating the focal length (Sect. 3.3), we mapped each .
i X : : o nels from the RGB panoramas by changing the color space
pixel of every image to its corresponding pan-tilt orienta- LT .
tion in the360 90 space (at a resolution @1 degree) from RGB to YIQ. Next, we ran the intrinsic algorithm on
P 9 ) only the Y channel, then combined the result with the mean

The pan-tilt RGB datz_a were plo'gted on a pol_ar coordinate I and Q channels of the image set, and lastly converted back
system where the radius varies linearly with tilt and the an- from YIQ to the RGB color space. The result provides a

gle represents the pan. No smoothing or blending of datamore uniform panorama, as shown in Fig. 3(b).

was employed other than using linear interpolation to I The above experiment was tested on multiple cameras

any missing pixels in the nal banorama. The result is a mounted at varying heights (on 2, 4, and 8 story buildings).
spherical panorama as shown in Fig. 2(bAs shown, the 2o : :
The results after intrinsic image generation are shown in

3D objects register correctly and the alignments are properFig. 4. These experiments demonstrate the applicability of

across changes in pan and _t||t. the model to real cameras at different heights.
Next, we used real pan-tilt cameras to test the proposed

model. We employed Pelco Spectra Ill SE surveillance 4
cameras which pan a complete 360 degrees and have a tilt”
range of 0 to 90 degregs Similar to the experiment with Using the proposed model, we next developed an active
the synthetic data, the same number of images were capeamera application to test the ability to track people i-rea
tured such that they cover the entire scene. For each imtime using wide-area surveillance cameras. The active cam-
age, the pixel locations were mapped to their correspondingera system moves the camera such that, at all stages during
(pan; tilt ) values and the panorama was generated. tracking, the target being tracked is centered in the image.
LA “true” spherical panorama could be created by varying thttusa The tracking algorithm used in th_iS SySte-m 's the Covari-
with the cosine of the filt. ance Tracker proposed by [7]. This algorithm models the
2\e observed that the cameras tilt encoder was off by +2 degsee  target using a covariance of spatial and color features and
the tilt values were adjusted in the code. performs template-based matching in successive frames to

2. Active Camera Tracking
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Figure 3. Brightness differences removal. (a) Panorama showingiilation differences before intrinsic image generation. (b) Final
panorama.

track the target. To model the target, we selected the fea-shows a camera at a low height. Track 1 shows a person
ture vectorfy =[xy 1 (X;y) Ix(X;y) ly(x;y)]. The tar- walk across the scene where the pan varies continuously
get window was represented as a covariance matrix of theseacross a large range. Track 2 shows a person start at a low
features. This captures not only their spatial and stasikti  tilt angle, walk randomly around the sidewalk, such that
properties, but also their correlation within the sameeepr there are large variations in both pan and tilt.

sentation. The advantage of the covariance matrix is that The tracking results are obtained from two cameras at
its dimensionality is small and it adapts well to temporal different heights, and the results demonstrate the robastn
changes in the model. The distance metric used to computeof the proposed model and its applicability to real-time ac-
dissimilarity between matrices was the sum of the squaredtive tracking.

logarithms of their generalized eigenvalues. A model up-

datg method was employed by keeping a set of recent cog, Summary

variance matrices and computing their mean over the Rie-

mannian manifold. In our system, we restricted our search We proposed a novel camera model to map image coor-
for the best match to a local search winda@ ( 40). dinates to pan-tilt orientations in constant time. Thig fas
 model requires no knowledge of the scene structure or cam-

moves, the best match is found by the tracker in succes-€ra parameters other than the focal length. The model is
sive frames. Using the proposed model, {xey) center based on the observation that the locus of a point on a xed

coordinates of the best matching patch are converted to thdMad€ plane, as the camera rotates, is an ellipse. There-

required change in pan and tilt angles required to center thefore’ using the parametric location of the point along the el

target. While moving the camera, the system polls the mo- lipse, we solve for the d_esired change in pan and tilt angl_es
tor to see if it has reached the desired pan-tilt locatiorceon  N€€ded to center the point. We tested the model by mapping

it has, the next frame is grabbed and the best match is agaiiMages to their pan-tilt orientations and generating zateur
found, and the process repeats. panoramas. We also demonstrated an active camera track-

. ) . ing application which used the proposed model to maintain
Figure 5 shows the results of active camera tracking g centered target at all times. In future work, we plan to in-
from two different cameras. The image chips of the targets ¢, rporate the variation of focal length with changes in zoom

tracked at different times are showr_w on the left. The tasget' ¢ that the camera can choose to zoom in or out on a target
raw (not smoothed) track is overlaid on the panorama andgq needed.

the chips shown are marked on the tracks. In Fig. 5(a), track
1 starts off with the camera at a low tilt angle, moves to-
wards increasing tilt values reaching almost the maximum 6. Acknowledgements
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then enters the building. Track 2 shows a large variation in ence Foundation under grant No. 0236653. We would like
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Figure 4. Resulting panoramas from three different cameras locatéy @, (b) 4, and (c) 8 story buildings.
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Figure 5. Active camera tracking. (a) Camera located 4 stories higlCgimera located 2 stories high. Dots along the track are locations
shown in the image chips.



