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Abstract—In this paper we consider the problem of unsu-
pervised topology reconstruction in uncalibrated visual sensor
networks. We assume that a number of video cameras observe a
common scene from arbitrary and unknown locations, orienta-
tions and zoom levels, and show that the extrinsic and calibration
matrices, fundamental and essential matrices, the homography
matrix, and the physical configuration of the cameras with re-
spect to each other can be estimated in an unsupervised manner.
Our method relies on the similarity of activity patterns observed
at various locations, and an unsupervised matching method based
on these activity patterns. The proposed method works in cases
with cameras having significantly different orientations and zoom
levels, where many of the existing methods cannot be applied. We
explain how to extend the method to a multicamera case where
more than two cameras are involved. We present both qualitative
and quantitative results of our estimates, and conclude that this
method can be applied in wide area surveillance applications in
which the deployed systems need to be flexible and scalable, and
where calibration can be a major challenge.

I. INTRODUCTION

A common goal when dealing with camera networks in
automated systems is to recover the topology of the network,
by which we mean the extrinsic and calibration matrices,
fundamental and essential matrices, the homography matrix,
and the physical configuration of the cameras with respect
to each other. Such topology information is fundamentally
important in order to relate events observed by the camera
network as well as to estimate the position and distance of the
objects in the physical three dimensional world.

In general, the topology can be reconstructed through a
calibration procedure in which two dimensional points in each
image, together with their three dimensional positions in the
scene, are used in a regression [1]. Since the exact size of
objects (cars, buildings, trees, etc.) in the scene are rarely
known, usually a calibration object (such as a cube with a
checkerboard texture on it) with known properties is used.
However, when dealing with real-world scenarios or with a
dynamic camera network, which can require frequent updates
(due to cameras being added, removed, moved on a regular
basis), it is difficult to include a calibration object to the scene
(e.g., a highway or a crowded mall) every time calibration is
required.

Autocalibration of a network of cameras has long been
studied ( [2] contains an exhaustive survey on this topic). The
topology can be estimated up to a projective transformation [2]

based on the projection pij = (x, y), in each camera Ci,
of a series of points Pj = (X,Y, Z) in the actual three
dimensional scene. pij can be estimated by matching feature
points (typically corners) with similar characteristics across
cameras [2].

Interestingly, Devarajan et al. [3] proposed a decentral-
ized auto-calibration method based on feature matching. This
method is useful for wireless devices with power and/or
broadband limitations. This is different from our method which
requires centralized processing of video. This however is not
a major issue for our method since, as will be shown, our
method is fairly robust to frame drops as video frames come
with a time stamp which allows to keep each video temporally
aligned.

Due to different camera parameters (white balance, opening
of the shutter, etc.), atmospheric degradation caused by large
distances between the objects and the cameras, or simply
different points of views, matching feature points across cam-
eras is not always a reliable approach. In particular, when
the cameras observe the scene from significantly different
orientations and with different zoom levels, many of the
existing methods do not perform well.

In this work we consider a network of uncalibrated cameras,
i.e., with unknown location, orientation, as well as zoom level,
and propose a method to reconstruct the topology in the sense
described above, i.e, estimate the extrinsic and calibration
matrices, fundamental and essential matrices, the homography
matrix, and the physical configuration of the cameras with
respect to each other. Our method does not require the place-
ment of any particular calibration object. Instead, it uses the
activity patterns observed in a given location, which turn out
to be invariant to the observation geometry, i.e., the camera
locations, zoom levels, orientations, etc., an idea first proposed
in [4].

Using the geometry independence of activity patterns, we
obtain a set of matching pairs of points between the frames
of each camera through a novel method. Once we obtain the
matching results, we reverse engineer the configuration of the
cameras up to a rotation and translation of the coordinate sys-
tems. In the sequel, we describe the proposed method and give
examples from real life scenarios. We present both qualitative
and quantitative results of our estimates, and conclude that this
method can be applied in wide area surveillance applications,



in which the deployed systems need to be flexible and scalable,
and where manual calibration can be a major challenge.

II. MATCHING USING ACTIVITY PATTERNS

A. Geometry Independence of Activity

The idea of geometry independence of activity patterns
observed at a given location was introduced in [4]. The
premise there is that irrespective of the location, orientation,
and zoom level of the cameras, the occupancy duration of the
pixels corresponding to a given location remains fixed. The
authors described this principle over a two dimensional setup,
and although the two dimensional setup captures the essence
of their idea, it falls short of addressing the scenarios encoun-
tered in real life scenarios. Here we extend their geometry
independence principle to more general cases and investigate
the discrepancy between the ideal two dimensional and non-
ideal three dimensional setups.

Consider a cuboid object that moves over a point x0 on a
surface. We describe the idea over a cuboid object, since a
cuboid bounding box around any object can be drawn, and a
majority of the objects can be approximated by this bounding
box. Assume that the object moves with velocity v, and its
length in the direction of motion is l. Also assume that two
infinite resolution cameras observe the object from different
views with different zoom levels. Let α be the ratio of the
object’s height h to its length l, e.g., 1/4 for a car, 1/10
for a truck, and about 6 for people. Let θi and φi be the
observation angles defined as in Fig. 1 for Camera i, i = 1, 2.
In each camera’s frame (projection plane) there is a point that
corresponds to x0. Call these points p in Camera 1, and q in
Camera 2.

Fig. 1. Multicamera observation angles.

Let t = l/v be the actual occupancy duration of x0 by the
object. Define tp and tq as the occupancy duration of pixels
p and q by the projection of the object in each camera. First
consider the case where φ1 = 0, i.e., Camera 1 is placed
at some height along the direction of motion. Assume for
simplicity that the camera is placed in front of the object.
In this case, the back-projection of the object’s image onto
the surface will have length

lC1
= l + h/ tan(θ1) (1)

where h is the height of the object. Rewriting this in terms of
the aspect ratio, we have

lC1
= l + αl/ tan(θ1) = l(1 +

α

tan(θ1)
). (2)

Observe that the occupancy duration of p will be the same as
the amount of time it takes for the back-projection to cross
over x0. Then, we have

tp = lC1
/v =

l

v
(1 +

α

tan(θ1)
) (3)

= t(1 +
α

tan(θ1)
). (4)

Now, as we increase the angle φ1 from zero to 180 degrees,
the extension term (αl/ tan(θ1)) in lC1

begins to shrink. At
90 degrees, it becomes precisely zero, and at 180 degrees it
again becomes αl/ tan(θ1). Therefore, to model this effect,
we multiply the extension term with a function χ(φi), which
is bounded to [0,1], and takes a value of 0 at φi = 90 and
1 at φi = 0 and φi = 180. This leads to the following
approximations for tp and tq:

tp = t(1 +
α

tan(θ1)
χ(φ1)), (5)

tq = t(1 +
α

tan(θ2)
χ(φ2)). (6)

Here we are only interested in accounting for the scaling effect
for a given α. Therefore, we can define γi = χ(φi)/ tan(θi),
and treat the scaling factor as a single parameter. With
this setup the observations belong to a family of signals
parameterized by a single parameter and can be accounted
for without the knowledge of θi and φi through statistical
methods. Furthermore, the uniqueness property presented be-
low guarantees reliable disambiguation among different pixels,
and this information can be used for topology reconstruction.
Remark: For many real-world objects, the expressions t(1 +

α
tan(θi)

χ(φi)) turn out to be upper-bounds on the occupancy
durations.
Lemma 2.1: Let p be a pixel in Camera 1, and q be a pixel

in Camera 2. If p and q do not observe the same location,
and if the events occur randomly in the observed region, then
the Hamming distance between the time series of p and q

is positive with high probability for sufficiently long video
sequences.

Notice that nowhere in our development of geometry inde-
pendence did we use any assumptions about the zoom levels
of cameras. Hence, the zoom levels are irrelevant features in
our setup. We state this as a lemma below.
Lemma 2.2: The time series of a particular location is

invariant to different zoom levels with which it is observed.
Discrepancy Characterization: In order to characterize

the discrepancy between the observed and actual occupancy
rates, we set up an experiment using 3ds Max, where we
placed cameras for all combinations of θ = {15, 30, . . . , 90}
degrees and φ = {0, 15, . . . , 90} degrees. In total we had 36
cameras covering the first octant, all observing the same point
in the middle of their field of view. Note that once θ = 90
there is no need to vary φ hence 36 cameras and not 42.

Next we made two cuboids to simulate the bounding box of
a car and the bounding box of a human, both with appropriate
dimensions. These objects moved through the point and we
recorded the videos with each of the cameras. Then we



(a) Cuboid for cars (b) Cuboid for humans

Fig. 2. Table of discrepancy ratios (τ ) for various angles of observation.
The cuboid for cars has aspect ratio α = 1/4 whereas the cuboid for humans
has aspect ratio α = 6.

looked at the occupancy duration of the point of interest
in each camera, and finally calculated the ratio of observed
occupancy duration to that of actual, i.e., τ = tp/t. The results
are presented in Fig. 2 for both cuboids. Once the singular
observation angles are ignored τ has a narrow range, which
also narrows the parameter search space.

Algorithm 1 Activity Matching
Input: V1, V2,p
Output: q

1: Estimate s(p,q) following Eq. (8)
2: t=0, Qt = {q̃ : s(p,q) ≥ 0.9}
3: Find center of mass Ct = (Ct

x, Ct
y) of Qt with LS

4: for each q̃ ∈ Qt do
5: dE(Ct, q̃) =

√
(Ct

x − q̃x)2 + (Ct
y − q̃y)2

6: end for
7: Let dt

Q = {dE(Ct, q̃)} and medt
Q

.
= median{dt

Q}
8: Set Qt+1 = {q̃ : q̃ ∈ Qt, dE(Ct, q̃) ≤ medt

Q}
9: Calculate the new center of mass Ct+1 with LS

10: if dE(Ct, Ct+1) > γ then
11: t=t+1 and go to step 2
12: end if
13: q = Ct

B. Multicamera matching
In order to perform a multicamera point-to-point matching,

we first subtract the background from the video. Researchers
have investigated a number of methods to perform motion
detection and background subtraction (see [5], [6], [7] and ref-
erences therein). In this paper, a simple background subtraction
technique is being used. Once the background is subtracted we
obtain a binary motion video V (·, ·), where V (p, τ) denotes
the binary value of a pixel p, in frame number τ . Throughout
the paper V1 will denote the binary video obtained from
Camera 1, V2 will denote the binary video obtained from
Camera 2. Similarly, p will denote a pixel in Camera 1 and
q will denote a pixel in Camera 2. For simplicity we assume
that both V1 and V2 are composed of m-pixel frames.

The multicamera matching problem is then described as
follows: given a number of cameras, C1, C2, . . . , Ck and their
observation matrices (frames) f1, f2, . . . , fk, the matching
between any two cameras is a function (look-up table) Ti,j

that maps a pixel p in fi to its corresponding pixel q in fj .
Without loss of generality we will present our results for a two-

(a) Matching pixels (b) Heat-map in Camera 2

(c) Matching pixels (d) Heat-map in
Camera 2

(e) Matching pixels (f) Heat-map in
Camera 1

Fig. 3. The similarity map corresponds to s(p,q) where red indicates
s(p,q) = 1, green indicates s(p,q) = 0.5 and blue indicates s(p,q) = 0.

camera case, and note that the extension to multiple cameras
is straight forward.

C. Mapping Activitiy Regions
Let p be a pixel in Camera 1, and V1(p, ·) be its binary time

series. For each pixel q in Camera 2, we compute a variation
of Euclidean distance between p and q, i.e.,

d(p,q) =
1

η

√ ∑
τ=1:T

(V1(p, τ) − V2(q, τ))2, (7)

where η = max{∑τ=1:T (V1(p, τ),
∑

τ=1:T (V2(q, τ), 1} is
a normalization factor, and T is the length of the video
sequences. The normalizing constant η diminishes the effect of
small discrepancies in sequences where there is a large amount
of activity, yet retains the importance of errors when there is
little activity.

Let dmax
p = maxq d(p,q) and dmin

p = minq d(p,q). We
then find a similarity measure between the time series of p

and q as

s(p,q) =
dmax

p − d(p,q)

dmax
p − dmin

p

, (8)

where s(p,q) ∈ [0, 1].

Before we formally describe how we obtain the matching
pixel in Camera 2, we present some heat-maps to provide the
reader with an intuitive understanding of our method. These
heat-maps correspond to the similarity function between a
pixel in one camera and all the other pixels in the other.
Fig. 3 presents a preview of matched pixels and associated
heat-maps. When there is very little activity in the region
of observation, as in the cases where a very short video



(a) (b)

(c) (d)

(e) (f)

Fig. 4. (a,c,e) Camera setup, (b,d,f) Matching results using 90 seconds of
video. The cameras are not calibrated to have the same zoom levels. The
pixels can be matched across cameras in low or high-activity scenarios.

is available, pixels in different regions may exhibit high
similarities, as presented in Fig. 3 (f).

In order to be able to handle these situations, we assign the
corresponding pixel in Camera 2 to be q using the least median
of squares (LMS) algorithm. As opposed to least-squares (LS),
LMS is robust to as much as 50% outliers in the data [8].

D. Matching Results

Here we present several outdoor examples, where two
cameras observe a scene. The cameras have different orien-
tations with respect to the observed scene as well as different
zoom levels. Unlike the standard stereo-matching problems,
presenting a visual disparity map here can hardly provide
the reader with an intuitive understanding of the mapping
function. Hence, in order to present the results of this section,
we picked several pixels in one camera and drew arrows to
their corresponding pixels in the other camera. The results are
presented in Fig. 4. Quantitative evaluation of our method will
be presented in the journal paper under preparation.

E. Occlusion Estimation with Left-Right Check

Note that using the proposed method we can also generate
occlusion maps, i.e. maps which differentiates regions seen by
every camera from those seen by a subset of cameras. This
can be done by simply using a left-right check as described
in [9] once the matching is performed. Below we present an
occlusion map where we identify three regions in the images:
the blue colored regions are present in both cameras, the red
colored regions exist in only one camera and not the other, and

the green colored regions are the no-motion regions. Fig. 5
presents the results of this segmentation.

III. STRUCTURE FROM MATCHES

Unsupervised calibration techniques aim at estimating, up to
a projective transformation, the structure of the system based
on the two dimensional position pi in each camera of a set
of N three dimensional points Pi. In this section, we show
how these points p can be selected based on the multicamera
matching technique and the left-right check. We also show
how these points are used to estimate the homography matrix,
the essential and fundamental matrices as well as the extrinsic
parameters. We will start with the two-camera case, and will
later generalize to the K-camera case.

Selection of N pairs of points
Here the goal is to find a set of N pairs of points Γ =

{(p1 ↔ q1), (p2 ↔ q2), ..., (pN ↔ qN )} in two cameras
with our matching procedure. Since the matching function
(Eq.(8)) relies on the co-occurrence of activity, pi and qi can
only be selected with non-zero activity. We thus randomly
select in Camera 1 pixels pj in areas with non-zero activity.
Then, following Algo. 1, the best match qj in Camera 2 is
estimated. A left-right check is then performed to validate that
(pj ↔ qj) is a true match, i.e. that pj and qj are not occluded
(see Algo. 2). If the test fails then the pair (pj ↔ qj) is
rejected. This procedure is repeated until N pairs of points
(pj ↔ qj) are obtained. While ideally one would use all the
matching points, in this work we use only a subset in order
to speed up the processing time. We present the effect of this
in Section IV.

Homography
Given a set of N ≥ 4 pairs of points Γ, the goal is to

estimate a homography matrix H which relates each pixel pj

in Camera 1 to its associated pixel qj in Camera 2. Note that
such global relation is only valid for planar scenes and cannot
deal with arbitrary parallax effects.

Algorithm 2 Left right check
Input: V1, V2,p, ε
Output: Decision

1: q = best match from algo.1 (V1, V2,p)
2: p′ = best match from algo.1 (V2, V1,q)
3: if ||p − p′|| > ε then
4: return q

5: else
6: return NULL
7: end if

However, since in this paper we consider surveillance cam-
eras looking down at cars and pedestrians moving on streets,
highways, and sidewalks, the planar assumption holds true
for most scenes we deal with. The homography matching is
usually expressed as : qj = Hpj where H is a 3 × 3 matrix
and pj = (pxj , pyj , 1)T and qj = (qxj , qyj , 1)T. Without lost



of generality, this equation can be expressed as a cross product
: qj × Hpj = 0 or, equivalently, by the following equation⎛

⎝ 0 −pT
j qyjp

T
j

pT
j 0 −qxjp

T
j

−qyjp
T
j qxjp

T
j 0

⎞
⎠

⎛
⎜⎝ h1T

h2T

h3T

⎞
⎟⎠ = 0

where 0 = (0, 0, 0) and hi is the ith row of H expressed as a
line vector. Since the left-hand side 3 × 9 matrix has rank 2,
we can write

(
0 −pT

j qyjp
T
j

pT
j 0 −qxjp

T
j

)⎛
⎜⎝ h1T

h2T

h3T

⎞
⎟⎠ = 0

Ajh = 0, (9)

where Aj is a 2 × 9 matrix associated to the (pj ↔ qj)
pair. Since each matrix Aj can be bundled together into a
single 2N × 9 matrix A, the solution h of this system is
obtained with a Singular Value Decomposition (SVD) of A.
Please refer to Hartley and Zisserman’s book for more details
on this procedure [2].

It is well documented that such method suffers from numer-
ical instabilities due to the fact that pxj � 1, pyj � 1,qxj � 1
and qyj � 1[1], [2]. Consequently, we translate and normalize
the two dimensional coordinates of each point pj and qj such
that their average Euclidean distance to the origin is

√
2. This

normalization is also performed for the fundamental matrix
and in the K-camera case.

Fig. 5. From left to right : image from Camera 1, image from Camera 2 and
the occlusion map obtained with our method. Green signifies no activity, red
signifies region of activity as seen by by Camera 1 only and blue signifies
regions of activity seen by both cameras.

Fundamental Matrix
The fundamental matrix is used to relate a two dimensional

point in a camera to its epipolar line in the other camera.
Mathematically, this boils down to : qT

jFpj = 0, where F is
a 3 × 3 matrix and pj ,qj are two dimensional points with
homogeneous coordinates. By simply reorganizing the terms,
one can see that

(qxjpxj , qxjpyj , qxj , qyjpxj , qyjpyj , qyj , pxj , pyj , 1)
f = 0

Bj

f = 0

where f is a vector made of the entries of F in row-major
order. Since we have N pairs of points and that each is
associated to a Bj vector, these vectors can be stacked together
to get an equation of the form : B 
f = 0, where B is a
N × 9 matrix. In an ideal noiseless situation, only N = 8

pairs of points are needed to estimate F up to a scaling factor.
However, usually there is not a unique solution and thus, one
needs to find F with a least-squares solution. Similarly to the
homography case, we resort to an SVD of B to estimate F .

Essential Matrix
The essential matrix is very similar to the fundamental

matrix as it relates a point p̂j in one camera to a line in
the other camera following the equation : q̂T

jEp̂j = 0. The
only difference being that p̂j and q̂j are expressed in camera
coordinates. By the very nature of E and F , one can show that
E = KT

1FK2 where Ki is the calibration matrix of camera
Ci [1]

Ki =

⎛
⎝ αxfi si x0

0 αyfi y0

0 0 1

⎞
⎠ (10)

where si is the skew parameter, fi the focal length, αy/αx

the aspect ratio of each pixel, and (x0, y0) the coordinates of
the optical axis. In this paper, we assume that both cameras
have the same settings (K1 = K2) and that s = 0.

Due to the specific nature of E, one can show that it
has rank 2 with two equal non-zero eigenvalues. Thus, as
mentioned by Whitehead and Roth [10], the goal is to find
a calibration matrix K (i.e. a value for ”αxf” and ”αyf”)
such that E = KTFK has two eigenvalues σ1, σ2 as close as
possible. One cost function which encapsulates this constraint
is 1− σ2

σ1

which we minimize with a downhill simplex method.
For more details (and code) on the simplex optimizer, please
refer to [11].

Extrinsic parameters
The extrinsic parameters are the rotation and translation

matrices which defines the transformation between the world
coordinate frame to the camera coordinate frame. Those pa-
rameters are contained into a 3× 4 matrix M = [R|T ] where
R is a 3 × 3 rotation matrix and T is a three dimensional
column vector. It has long been established [1], [2], [12] that
since E = Udiag(σ1, σ2, 0)V T (with σ1 = σ2) following an
SVD, if Camera 1 is located at the origin looking towards the
Z-Axis (M1 = [I|0]), then there are four possible choices for
the extrinsic parameters of the second camera:

M2 = [UWV T|u3] or [UWV T| − u3]

or [UW TV T|u3] or [UW TV T| − u3] (11)

where u3 is the third column of U and W is a skew-symmetric
matrix ⎛

⎝ 0 −1 0
1 0 0
0 0 1

⎞
⎠ . (12)

Consequently, the transformation M2 between 2 cameras
can be directly obtained based on the essential matrix. Note
that the best choice among the four being the one for which
a three dimensional point in front of C1 also falls in front of
C2.



Dealing with outliers
Although the left-right check procedure is well geared to

locate good pairs of points, it can nevertheless returns outliers
(i.e. erroneously matched pairs of points (pj ↔ qj) who show
similar behavior). Actually, based on our experiments, up to
10% of those pair of points returned by the left-right check
are outliers. In order to reduce the effect of these outliers,
the homography and fundamental matrices are estimated with
Ransac [13] which not only returns a more precisely estimated
matrix, but also separates the inliers from outliers. Those
inliers are then used to estimate the projection matrices in
the K-Camera case.

K-Camera case
Here we aim at estimating the structure of a K camera

system where K > 2. Similar to the 2-camera case, we assume
no camera calibration or additional three dimensional infor-
mation, and recover the structure up to an overall projective
transformation of the three dimensional space. Assuming that
all cameras look at a scene containing enough activity to allow
a multi camera matching, the left-right check procedure can
be easily extended to find a set of N matching pixels in each
camera Ci : {pij |∀j ∈ [1, N ]}. Then, in order to eliminate
outliers, the homography matrix between each pair of camera
is estimated using Ransac.

Given the fact that pij = MiPj or, without loss of
generality, λijpij = MiPj where λij is a constant1, one can
easily show that [14]

W =

⎛
⎜⎝

λ11p11 . . . λ1np1n

...
. . .

...
λK1pK1 . . . λKnpKn

⎞
⎟⎠ =

⎛
⎜⎝

M1

...
MK

⎞
⎟⎠ (P1 . . .Pn) .

As mentioned in [14], [2] the left-hand side 3K × n rescaled
measurement matrixW has rank at most 4 when the projective
depths λij are correctly set (hence these depths are being
considered).

The projection matrices Mi as well as the three dimensional
points Pj are estimated following a six-step procedure similar
to the one proposed in [2], [14]. (1) To minimize the effect
of noise, we first translate and normalize the K × n two di-
mensional points pij such that the average Euclidean distance
to the origin is

√
2. (2) Initialize each depth λij following

Eq.(3) in [14]. (3) The depths λij are normalized following
the 2-pass procedure suggested by Hartley and Zisserman [2],
i.e.

λ′

ij =
λij√∑

I λ2
Ij

, λij =
λ′

ij√∑
J λ2

iJ

.

(4) Matrix W is built following an SVD procedure : W =
UDV T where D is a diagonal matrix made of singular values.
Since W is of rank 4, all but the fist 4 entries of D are set to
zero : D̂ = diag(D(1, 1), D(2, 2), D, (3, 3), D(4, 4), 0, 0...).

1Since pij is in homogeneous coordinates, (xij , yij , 1) =
(λijxij , λijyij , λij)

(5) Based on D̂, a new matrix Ŵ = UD̂V T is built. (6) The
camera matrices as well as the three dimensional points are
then computed

(M T
1,M

T
2, ...,M

T
K) = UD̂

(P1,P2, ...,Pn) = V T

(7) With the newly computed Mi and Pj , re-estimate the
λij values [2]. Repeat step (3)-(7) up until every point Pj

stabilizes.
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Fig. 6. Robustness of our method with (and without) Ransac with respect
to the number of pairs of points N used to estimate the homography and
fundamental matrices.

IV. EXPERIMENTAL RESULTS

Performance evaluation
Here we measure the accuracy of the homography and

fundamental matrices estimated by our method. The objective
is two-fold. First, since our method relies on its ability of
accurately detect motion (c.f. Eq.( 8)) we wish to evaluate how
robust to noisy motion masks our method is. Second, since our
method depends on a set of N pairs of points, we examine how
this parameter affects the results. To do so, we estimate the
ground truth homography matrix Hgt for a sequence (the one
in Fig. 9 (d)) by carefully hand selecting 20 pairs of points.
Once Hgt is known, a residual error function for H and F is
implemented

E(H) =
1

2N
∑
p

(||Hp − Hgtp|| + ||qH -1 − qH -1
gt||

)

E(F ) =
1

2N
∑
p

(dist(Fp,q) + dist(qF T,q))

where N is the total number of pixels, Fp/qF T are epipolar
lines, q is the matching point of p (q = Hgtp), and dist(, ) is
the point-line distance in pixels.

In Fig. 6, error curves have been obtained with and without
Ransac. For each value N on the X-Axis, we randomly
selected N pairs of points (following the method in Section
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Fig. 7. Robustness of our method with (and without) Ransac with respect
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Fig. 8. Epipoles and epipolar lines for two scenes.

III) based on which F and H are estimated. This procedure
is repeated 10 times to get an average error and a variance
for each N value between 10 and 200. As can be seen, the
results are clearly in favor of Ransac which adds robustness
to the basic SVD solutions. Also, these curves underline the
fact that more than N = 50 pairs of points do not significantly
improve the results as the average curves plateau around an
error of 1 to 3 pixels.

Fig. 7 shows the effect of noise on our results. Here, a
percentage of noise (between 0% and 20%) is added to each
binary motion masks V1 and V2 used by our matching function
(Eq. (8)). For each noise value, a number of N = 100 pairs
of points are randomly obtained, based on which F and H
are estimated. This procedure is repeated 10 times to get an
average error and a variance for each noise value. Again, the
results are clearly in favor or Ransac, especially with a low
noise level.
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Fig. 9. Homography transformation for five different scenes.

Qualitative results

In Fig. 9, the homography of five different pairs of videos
are presented. In order to illustrate the homographic transfor-
mation from Camera 1 to Camera 2, a red box illustrating the
frame of Camera 1 projected onto Camera 2 is placed over
the image of Camera 2. The numbers from 1 to 4 are used
to identify each corner of the box. This is especially usefull
in example (b) in which cameras are placed on opposite sides
of the boulevard and thus the transformation results into a
flip of the corners. Notice that in (a), (b) and (d), traditional
feature matching methods (such as the ones based on SIFT or
on corner detection methods) would fail due to the significant
difference in the position/orientation of each camera.

In order to illustrate the fundamental matrix, we took two
pairs of videos on which we put epipolar lines Fp and qF T.
Those are presented in Fig. 8. In the first example, both
cameras are located on the ninth floor of a building looking
down at the scene. Since their optical axis are parallel, the
epipoles are far from the image center and their epipolar lines
are, for all practical purposes, parallel. In the second example,
the cameras have different position and orientation and, as
can be seen, by varying p and q, the epipolar lines meet at a
common epipole located on the left of the car.

In Fig. 10, the three dimensional position and orientation
of a system made of two and four cameras are presented. The
four cameras are located on the fifth floor of a building, and the
height effect is successfully recovered in the three dimensional
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four sequences were obtained with cameras located on the fifth floor of a
building.

reconstruction of the camera locations. Note that error plots
showing relationship between the number of cameras and
performance are yet to be obtained on synthetic 3D scenes
with ground truth values.

V. CONCLUSIONS

In this paper, we presented an activity-based multicamera
matching procedure which allows to find for any point p in
Camera 1 its corresponding point q in Camera 2. As shown
in Section 2, to find a good match, our method needs objects
with a fairly small aspect ratio and cameras located above
the moving objects. However, we showed that our method
is effective on various traffic scenes with cameras having
different elevation angles. Also, since not every point p are in
areas common to both cameras, a left-right check procedure
is implemented to help find non-occluded pixels. We showed
that based on those matches, one can reliably estimate the
structure (up to a perspective projection) of the system which is
the fundamental matrix, the homography matrix, the essential
matrix, and the physical configuration of the cameras with
respect to each other. We showed that this could be done for
a two-camera case as well as for a K-camera case. Also,
since the left-right check procedure may sometimes return
outliers (that is, a bad (p ↔ q) match whose points p,
q nonetheless show similar behavior), Ransac was used to
estimate the fundamental matrix and the homography matrix.
Experiments show that our method is fairly robust to noise and
that good results can be obtained with only 50 pair of points.
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