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Abstract

We describe a method for recovering the extrinsic cal-
ibration parameters of non-overlapping cameras in a
multi-camera system. Non-overlapping camera net-
works can cover a much wider area than overlapping
configurations, but calibrating them is more challeng-
ing. To compensate for the lack of overlap, our ap-
proach assumes that the calibration target follows a
smooth trajectory over time, as described by a stochas-
tic dynamics model. Our algorithm then tracks the
target when it comes in the field of view of each cam-
era, and searches for calibration parameters and tar-
get trajectories that are consistent with the observed
tracks. We demonstrate the idea with a network of
indoor wireless cameras.

1 Introduction

Networks of cameras have been shown to be an effective
means for tracking people in surveillance settings. In
these applications, the field of view of the cameras are
usually made to overlap at least slightly, making it eas-
ier to track people as they move from the field of view
of one camera to another, and in turn to recover the
pose the cameras. Estimating these poses allows track-
ing to be performed in a globally consistent coordinate
system. To instrument a wider area using fewer cam-
eras, various authors have considered camera networks
where the field of views of the cameras do not overlap
[8, 12, 7]. Under these settings, cameras are placed in
regions where interesting activity is expected to occur,
and human motion is interpolated in uninstrumented
regions.

We describe a calibration procedure for recovering
the relative location and orientation of non-overlapping
cameras in order to provide a globally consistent coor-
dinate system for tracking. Our procedure requires a
point calibration source that moves along the ground
plane in smooth paths between the field of view of the

cameras. This path is not required to be straight, or
to have constant velocity: we only assume that its evo-
lution is consistent with a known stochastic dynamical
model. Our main contribution is to show that a model
of dynamics for the motion of the calibration target
can compensate for the lack of overlap between the
cameras.

When there is overlap between the fields of view of
cameras, the appearance of the calibration target in a
region of overlap provides information about the rela-
tive pose of the cameras. With enough such appear-
ances, the relative orientation of the cameras can be
recovered by taking advantage of stereopsis. Without
information about the dynamics of the target, observ-
ing the calibration target where the cameras do not
overlap only provides information about its pose rela-
tive to the camera that observed it, but not between
the pose of two cameras.

For each camera, our algorithm recovers the two
translation parameters and the rotation parameter in
the ground plane. We rely on existing single-camera
calibration techniques to recover the remaining extrin-
sic and intrinsic parameters before our algorithm is ap-
plied. The calibration task can be separated into these
two tasks because single-camera calibration procedures
can recover the pose of the camera relative to a local
patch on the ground plane, up to a rotation and trans-
lation in the ground plane, in addition to recovering
the intrinsic camera parameters. After such a proce-
dure, our algorithm can be applied to globally align
the coordinate system of the patches corresponding to
each camera.

To perform this global alignment step, on could re-
quire that the target moves at constant velocity and in
a straight line when it leaves the field of view of a cam-
era. An intuitive approach would then be to have each
camera track the target when the target passes through
the camera’s field of view, and estimate the target’s ve-
locity as it leaves the field of view. The travel time be-
tween the fields of view of two cameras, along with the



target’s estimated velocity can be used to estimate the
distance between the two fields of views. When enough
such distances are obtained between pairs of cameras,
they can be combined to recover the relative location
and orientation of all the cameras in the network [7].

Our algorithm relaxes the assumption that the tar-
get moves in straight lines and at constant velocity.
This allows the calibration target to be more casu-
ally carried by a person moving along curved paths.
Our algorithm searches for camera calibration parame-
ters and a smooth target trajectory that are consistent
with the tracks observed by each camera while the tar-
get was in its field of view. This search is framed as
finding the maximum a posteriori (MAP) camera cali-
bration parameters and target trajectory, with a prior
that prefers smooth target trajectories.

We carry out the MAP estimation of calibration pa-
rameters and trajectories using the Newton-Raphson
nonlinear optimization algorithm. An alternative ap-
proach might be to iteratively estimate camera calibra-
tion parameters, then interpolate the trajectory un-
til convergence. This coordinate ascent optimization
strategy is attractive because each of these steps can
be carried out very quickly and is easy to implement.
However, in Section 7 we show that these iterations
will converge arbitrarily slowly as observation noise is
reduced. Hence the convenient coordinate ascent strat-
egy does not work for this problem. This has implica-
tions for coordinate ascent strategies in other settings
as well.

Concurrently recovering calibration parameters and
trajectories is reminiscent of Structure from Motion
(SFM) and Simultaneous Localization and Mapping
(SLAM) [3]. In SFM and SLAM, a moving camera
measures the image-plane coordinate of scene features
and recovers the trajectory of the camera and the 3D
location of the scene features. Our problem is converse:
A set of stationary cameras observe the image-plane co-
ordinate of a moving feature (the target), and the goal
is to recover the pose of the cameras and the trajectory
of the feature. A coordinate ascent strategy that it-
erates between computing structure assuming motion,
and vice version has been proposed in the SFM litera-
ture. Following the analogy, our non-convergence proof
demonstrates that coordinate ascent cannot solve the
Structure from Motion problem when only one feature
is observed in each frame.

We have implemented our algorithm on a network of
wireless PDAs equipped with cameras (see Figure 1).
A real-time person tracker runs on each PDA which
report trajectories to a central server that implements
our algorithm.

Figure 1: We use Compaq IPAQs as wireless camera
nodes in our network. The IPAQs are mounted on the
ceiling, with their camera image plane parallel to the
ground plane.



2 Related Work

Many methods explicitly designed for calibrating net-
works of cameras rely on overlapping fields of view
[14, 15, 9, 6]. The method of Javed et al. [7] is one
exception, where an idea similar to velocity extrapola-
tion is used to find the projection of the field of view
lines of one camera onto the field of view of cameras.
Knowledge of these projections is tantamount to recov-
ering calibration parameters, but this method requires
people to walk in a straight line and at constant ve-
locity outside camera fields of view. Our work is most
closely related to [5], which shows how to calibrate a
network of non-overlapping cameras using distant ob-
jects (stars) to recover orientation, and nearby objects
(airplanes) to recover relative position. Whereas [5] re-
lies on strict constraints on the motion of the calibra-
tion targets (the motion of stars is parabolic, nearby
targets must move in a line with constant velocity), our
targets may move freely. Furthermore, we require only
one type of target, and this target may be the same
type of target the network will ultimately track.

Various researchers have addressed the problem of
maintaining consistent identity between multiple tar-
gets as they exit one field of view and enter another
[8, 12] in non-overlapping multi-camera systems. These
techniques focus on recovering the topology of the net-
work, and do not attempt to recover metric pose of the
cameras.

Various SFM and SLAM techniques, particularly
those based on the Kalman Filter [10, 4, 2, 1, 13], have a
dynamics model for the motion of the camera. The ma-
jor difference between our problem and SLAM or SFM
is that due to the lack of overlap, at most one camera
can observe the target at any time. This corresponds
to an SFM setup where the moving camera observes
only one scene feature in each frame. Because this is
rarely the case in SFM, the main advantage of a mo-
tion model is additional robustness against noisy mea-
surements. In our situation, however, a motion model
compensates for the lack of simultaneous measurement,
and without it, calibration would not be possible. We
cast our problem in an optimization framework similar
to bundle adjustment in SFM [16].

3 Single-Camera Calibration

Before running our algorithm, each camera is cali-
brated so that it can map the image coordinate of the
target to a local coordinate system laid on the ground-
plane. The homography required to perform this map-
ping can be estimated for each camera individually [17].
For example, by laying a calibration object of known

size on the ground plane, the focal length, height, pitch,
and yaw of the camera can be estimated. This local ho-
mography can be used to rectify the image location of
the target in each camera so that the camera appears to
be virtually fronto-parallel to the ground plane. This
leaves a translation and roll in the ground plane to be
estimated by our algorithm.

In the remainder of this paper, we presume that the
homography for each camera has been recovered up
to a rotation and a translation in the ground plane,
and focus on aligning the local ground-plane coordi-
nate system of each camera to the global ground plane
coordinate system. In our experiments, we used over-
head cameras, so that only the height and the focal
length of the cameras needed to be estimated during
the single-camera calibration phase.

4 Global Alignment

To globally calibrate the network, we jointly find the
maximum a posteriori (MAP) estimate of the remain-
ing calibration parameters and the trajectory of a point
calibration target that moves smoothly in the network.
Each camera tracks the point calibration target as
it passes through its field of view. MAP estimation
amounts to searching for calibration parameters and
a trajectory that are consistent with the observations
made by each camera and a dynamics model for the
motion of the target. Since these can only be recovered
up to a global rotation and translation in the ground
plane, we fix the parameters of one of the cameras.

We assume that the state evolves according to linear
Gaussian Markov dynamics. Define x; to be the state
of the target at time ¢. This state contains information
about the location, velocity, or any other dynamic state
of the target, and evolves with:

l‘t+1 = A.’Iit + Vg, (1)

where v; is a zero-mean Gaussian random variable with
covariance X, .

In our experiments, we let x; = [uy; tig; vg; U], where
(u¢,v¢) is the ground-plane location of the target and
(ti¢, V4) is its ground-plane velocity. We use the model
parameters

A= ) (2)

o o=
OO = =
O = OO
= -0 O

so that each x¢y1 adds the velocities in x; to the posi-
tions in x;, and nudges the old velocities by Gaussian
noise. We use a diagonal ¥, whose position compo-
nents have much smaller value than its velocity com-
ponents (by a few orders of magnitude), so that the



velocities follow Brownian dynamics, and the resulting
poses are nudged only by a small amount of Gaussian
noise. Equation (1) defines a prior p(z) over a state
trajectory @ = {x}1_;.

To extract the location components in x;, we can
multiply z; by C:

100 0
C_[OOIO]'

After taking into account the homography discussed in
the previous section, camera i reports the location of
the target in its own ground-plane coordinate system
whenever the target is in its field of view. Let % and p’
denote the unknown rotation and translation of camera
1 with respect to the global ground-plane coordinate
system. Let the index set of observations £ = {(t,4)}
be a collection of time index and camera pairs, where
(t,i) € Z iff camera i sees the target at time ¢. Let
' = [p%;6°] be the parameters of camera 4, and define
= [ul; e ;,uN] to be the collection of all the camera
parameters. Letting Ri(6) denote the rotation matrix
corresponding to a rotation of #¢, the location reported
by a camera when the target is in its field of view is:

y?s = T(xtbui) +w = Ri(Cxt _pi) + wt, (3)

where 7 is the mapping between global and local cam-
era coordinate systems. We assume w;, the observation
noise corrupting each measurement, is iid zero-mean
and Gaussian with covariance 051. Equation (3) de-
fines a likelihood p(y|z, p) over trajectories and camera
calibration parameters.

Any configuration of x and p will produce the same
tracking measurements as the same configuration ar-
bitrarily rotated and translated [16]. This ambiguity
can be fixed by setting the parameters of one of the
cameras to some arbitrary value. We use a prior that
favors configurations where the parameters of the first
camera are 0.

Using the likelihood defined by Equation (3) and the
prior over z defined by Equation (1) and the gauge-
fixing prior for the first camera, the most a posteriori
probable trajectory and calibration parameters can be
obtained by performing a nonlinear least squares opti-
mization over pu and x:

* * : 1 3 3 . 2
(%, p7) =argmin D —ly; = (x|
(t,i)ez Y
T (4)
) e — Az |13, + et

t=1

The first term in the cost function favors trajectories
and parameters that would have generated the ob-
served trajectory snippets. The second term favors

trajectories that are consistent with the given dynam-
ics by favoring trajectories where z; can be predicted
from x;_1 using the transition matrix of the dynamics
model, and penalizing the prediction error by with a
mahalanobis distance defined by the covariance of the
driving noise. The third term fixes the gauge by setting
the parameters of the first camera to zero.

To find the optimal p and z, we use Newton-
Raphson with a first order approximation to the Hes-
sian. This involves it iteratively linearizing the non-
linearity inside the first term of Equation (4), trans-
forming it to a a linear least squares problem. This
least squares problem involves a minimization over
3% N 4 4 x T variables with |Z| rows, where N is the
number of cameras and T is the number of time steps
in the trajectory to be estimated. It is also sparse,
with O(]Z]) nonzero elements, and so can be solved effi-
ciently using standard sparse least squares solvers. The
appendix derives the quantities needed in each Newton-
Raphson step.

5 Synthetic Results

Our goal with this synthetic experiment was to see if
a disparity between the dynamics model and actual
target behavior had adverse effects on trajectory esti-
mation and calibration. We simulated a point target
traveling in a square environment with elastic walls.
The target’s trajectory was generated by Brownian mo-
tion that deflected off of walls. The resulting trajec-
tory was smoothed to yield the setup shown in Figure
2(a). The synthetic cameras were front-parallel to the
ground plane, and measured the location of the target
without noise within their coordinate system (i.e. up
to a rotation and translation of the true location of the
target).

To define the dynamics model, we used the A matrix
of equation (2), and set 3, = [ 107* 1 107* 1 ].
Notice that this dynamics model is different from the
model used for generating the synthetic trajectory, as
it does not model the bouncing behavior near walls,
the final smoothing step, or the underlying Brownian
motion.

The Newton-Raphson iterations were initialized
with all trajectory points and camera parameters at
the origin, pointing to the right. Figures 2(b-c) show
an intermediate iteration and the converged estimate.

The estimated locations are wrong by an average
of 0.03 size units, or 1.4% of the size of the environ-
ment. These experiments show that when there is no
observation noise, the sensor parameters and trajecto-
ries are recovered very accurately, even if the target’s
true dynamics don’t match those used in estimation.
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Figure 2: (a) 2,000 steps of a synthetic trajectory. True
camera fields of view are depicted as dashed squares.
Circles along the trajectories indicate time steps in
which a synthetic camera observes the target’s loca-
tion relative to its coordinate system. (b) After 9 it-
erations of the optimization procedure. The gauge is
fixed by fixing sensor 1 at its true location and ori-
entation. The blue (dark) path denotes the recovered
trajectory. Gray squares are the recovered sensor fields
of view. (c) Convergence after about 65 iterations. The
sensor locations are estimated correctly.

6 Real Data

We implemented our algorithm on a network of wire-
less PDAs equipped with cameras. The PDAs were
mounted on the ceiling in an indoor lab environment.
The camera image planes are approximately parallel to
the ground-plane so that computing the local ground-
plane location of the person does not require any cali-
bration beyond finding the focal length of the cameras.
A real-time person tracker runs on each PDA and re-
ports to a base station the time-stamped location of
a person with respect to the camera’s ground plane
coordinate system every 250 ms. The person tracker
uses background subtraction to extract the target and
clusters the foreground pixels to compute the person’s
location. The individual trackers do not need to filter
or smooth the data, as the dynamics model automat-
ically regularizes trajectories during the optimization
procedure.

In our first experiment, we installed 4 cameras in an
open area in our building. The fields of view of the
cameras were about 1.5 meters on each side, and the
cameras were 3-4 meters apart. One person walked be-
tween the cameras at varying velocities and served as
the calibration target. Figure 3(a) illustrates the setup.
The ground truth camera parameters were found by
measuring the location and orientation of every cam-
era by hand. To render the trajectory of the target
in this figure, we set p to these ground truth camera
parameters and optimized (4) for the trajectory only.

We used the same parameters for the dynamics
model as in the synthetic case. The initial iterate for
the optimizer was also the same as in the synthetic
case. We set the observation noise O’Z to be very small,
a factor of 10° smaller than the driving noise of the
velocity. Figures 3(b-c) show the recovered trajectory
and sensor locations. On average, the sensor were mis-
placed by 28 cm from the locations measured by hand.
Cameras ipag3 and ipaq10 are off by 50 cm. The rota-
tion of ipaq3 is off by 8°. That of ipaq8 by 9° degrees.
Ipaql0’s rotation is off by 0.7°.

In the second experiment, we instrumented the hall-
way to the left of the open area with 2 additional cam-
eras. The setup and results appear in Figure 4(a). The
only way to reach ipaqb and ipaqg6 was to take a sharp
right below ipaq7, outside its FOV. Because no camera
ever witnessed this sharp right, and because straight
trajectories are slightly favored by our dynamics model
over turns, the estimated configuration did not recover
the turn. Adding ipaq9 (Figure 4(b)) provided enough
information to recover the turn. This is because ipags
7,9, and 5 form a triangle, and the angle 5-7-9 becomes
constrained.
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Figure 3: (a) The trajectory for the first experiment.
Axes are labeled in centimeters. The coordinate sys-

tem is fixed on ipaq7. (b) After 22 iterations.
Convergence after about 50 iterations.
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Figure 4: (a) A Wall forces people to take a sharp turn
outside the FOV of ipaq7. This turn is never witnessed
by any camera, so the algorithm does not deduce its
existence. (b) Although ipaq9 doesn’t observe the turn
directly, its presence provides enough information to
determine that ipaq7 and 6 cannot be below ipaq7.
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Figure 5: Recovering curved trajectories.

In contrast to the velocity extrapolation idea dis-
cussed earlier, our dynamics model allows curved tra-
jectories. Figure 5 shows that our method works even
when people take a sharp turn when entering the FOV
of ipag3. Using velocity extrapolation, the distance
between ipaq7 and ipag3 was found to be 518 cm,
whereas in reality, it was only 423 cm. Our method
recovered this distance more accurately to be 415 cm.

7 Coordinate Ascent Cannot
Recover Trajectories and Sen-
sor Locations

It was tempting for us to attempt to recover the tra-
jectory and calibration parameters by iteratively solv-
ing for one and then the other. In this section, we
show that when there is no overlap between the fields
of views of the cameras, a coordinate descent strategy
will converge arbitrarily slowly as the observation noise
is reduced. A corollary of the result is that sufficient
overlap between the camera’s field of view will cause
coordinate descent to converge.

We demonstrate this convergence property only in
the case when the camera angles are known to be zero.
An early version of this proof assumed this and was
cited by the CVPR wversion of this paper. When we
attempted to extend its result to the case that handled
angles, we found that the proof strategy is not viable.

The coordinate ascent strategy has been suggested
in the structure-from-motion literature, where starting
from an initial guess about the camera trajectory, a
scene structure can be easily obtained, and given this
recovered scene structure, the camera trajectory can
be easily estimated. In keeping with our analogy be-
tween Structure from Motion and the network calibra-
tion problem, our non-convergence result implies that

if the SFM camera only sees one feature at each time
step, the structure of the scene cannot be recovered by
coordinate descent.

Each iteration of coordinate descent first minimizing
f over X, assuming p is fixed, and then over p by fixing
X to the result of the minimization over X:

M(H_l) _ Mu(x(t)) = arg Hﬁn f(,u“r(t)) (5)

z).(6)

This is a very attractive optimization strategy because
both optimizations are easy to carry out. Estimating
the trajectory is a straightforward interpolation task
that takes time linear in the length of the trajectory.
Given the trajectory, estimating sensor locations is a
simple alignment problem where the parameters of a
camera can be estimated independently of the param-
eters of other camera.

Because each iteration in (5)-(6) can only decrease
the value of f, we might expect that these iterations
would converge to a minimum of f. We show that when
the measurement noise is small compared to the uncer-
tainty of the dynamics model (o2 e < trX w), each iter-

20TV = My (u*) = argmin f(ut),

ation of (5)-(6) produces an infinitesimal change in X,
so that the algorithm will not converge in a practical
amount of time if Jg‘m <L Y-

Providing guarantees on the derivatives of M,, and
Mx everywhere will result in guarantees on the maps
M, and Mx everywhere. Assuming the maps M,
and My are differentiable, we can linearize them the
optimal point (z*, u*) using the mean value theorem:

v OM .
P = M) = M) + 5, @ =2t ()
. aMz
d = M) = Ma () + S D — 48)

The mean value theorem guarantees that the lineariza-
tion is exact for an appropriate choice of xo and 14o-
In what follows we use the shorthand M, = Bu = (110)

and M, = 6X £ (z) for simplicity.

Usmg the facts that the optima are also fixed points
of the iteration (M, (z*) = p*, and M,(p*) = z¥),
we can write the map p((t) — p®*1) in linear form by
substituting (7) into (8):

,U(Hl) = Mu(Mx(.U(t))) =p*+ Mqu(H(t) —pr).
9)
Subtracting p® from both sides and taking norms
gives:

Y = g <= MM [ = |-

This expression provides a bound on the change in the
trajectory iterate as a function of the distance of the
current estimate to the optimal trajectory u*.

(10)



However, we will demonstrate that as U;lx < Yy,

I — M, M.,| — 0, so that the iteration will not per-
turb p® by a significant amount, and the coordinate
ascent is infinitely slow.

When the observation noise is very small, a small
change by dp® of the location of sensor i will cause a
shift by dp’ in the trajectory points observed by the
sensor. Similarly, a shift by dx in the trajectory will
cause a shift in each sensor by the average shift incurred
in the trajectory segments it observed.

Consider a two-camera example with six trajectory
steps. Suppose camera 1 observed trajectory steps
1,2,5,6 and camera 2 observes trajectory steps 3 and
4. The change in trajectory samples due to a shift dp
in camera positions is:

NNO O NN
OO NMNOO

and the change in camera position due to a shift dz in
trajectory is

R (14 174 0 o0
dp=Mu(@)de~1 6" 0" 19 12 0 0
(12)

So that Mu/\/l,; ~ I

8 Conclusion

We have shown how to calibrate a network of non-
overlapping cameras. Our solution is framed as a joint
MAP estimation camera pose parameters and the tra-
jectory of a calibration target. The prior on the trajec-
tory is a linear Gaussian Markov chain, which allows
for both nonlinear paths and speed changes when the
target is outside the field of view of the cameras. Infor-
mation about the target’s dynamics allows the system
to reason about the behavior of the target when it is
not visible, compensating for the lack of overlap be-
tween the cameras. We demonstrated our system with
a network of battery-operated cameras that are easy to
deploy.
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A Optimization Procedure

This section derives the Newton-Raphson steps re-
quired to solve (4). We rewrite Equation (4) in nonlin-
ear least squares form, linearize the nonlinearity, and
describe one Newton-Raphson iteration.

The dynamics prior term Y., ||z, — Az, can
be written as a quadratic form in terms of x, the col-
umn vector of stacked states. Denote the Cholesky fac-
tor of the inverse covariance 3! of the driving noise

1
in the dynamics model by X, %. 1. Define the matrix
G whose tth row is:

Gl,=1]0---

where the zeros pad the matrix to align its non-zero
components with z; and x;y;. Then the dynamics
prior term can be rewritten as Ethl lz:— Az, =
'G'Gz.

Equation (4) can now be rewritten as

LS A, -3 0} (13)

(z%, p*) = argminr(x, u) r(z, p),
z, 0

with
[ o, (RY(Cazy —p') — i) |
Ty .
T(/’Lv .T) = Tz = G
T
Tu
L (Ml — fio) i

IThe Cholesky factor of a positive semidefinite matrix A is
an upper triangular matrix C such that A = C'C.

The column vector (i, x) is partitioned into three sec-
tions, corresponding to the three terms in (4). Each
measurement (¢,4) € Z introduces two elements into
Ty.

To optimize a nonlinear least squares cost func-
tion such as r"r, Newton-Raphson requires the Jaco-
bian J of 7. Newton-Raphson maps an iterate x(*) =
[11®); 2] to the next iterate by solving a linear least-
squares problem:

D = 5O _ argmin |36 — r|*. (14)

The process of computing r, J, and applying equation
(14) is repeated until until x converges to a fixed point.

For completeness, we derive J here. It is block struc-
tured and very sparse:

3. | I
J=Vr(u,z)= 0 Je |- (15)
I 0 0

The left block column of J corresponds to differenti-
ating r with respect to u, and its right block column
corresponds to differentiating it with respect to z.

If the zth measurement in r, came from camera 1,
the derivative of r, with respect to parameters p* and
6" of this camera introduces a block row into J, at
location (z,1).

[Jﬂ]z,i = _‘Ty_1 [ R/, ((Cz;—p') @I) dv%)(m } )
(16)

where we have used the identity vec(XY) = (Y' ®
I)vec(X) [11], where ® is the Kronecker product,
vec () stacks elements of a matrix into a column, and
I is the 2 x 2 identity matrix.

Differentiating the zth element of r, with respect to
the observed trajectory element z; introduces a block
into J,x at location (z,1):

Jx)., =0, 'R'C, (17)

where ¢ is the number of the camera that made the zth
observation.

Differentiating r, with respect to u yields 0. Differ-
entiating it with respect to = yields J, = G.

r, is only a function of the parameters of the first
sensor. Its derivative with respect to ' is I, where I
is the 3 x 3 identity matrix.



