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Abstract

We present a method for estimating the relative pose
of two calibrated or uncalibrated non-overlapping surveil-
lance cameras from observing a moving object. We show
how to tackle the problem of missing point correspondences
heavily required by SfM pipelines and how to go beyond
this basic paradigm. We relax the non-linear nature of the
problem by accepting two assumptions which surveillance
scenarios offer, ie. the presence of a moving object and eas-
ily estimable gravity vector. By those assumptions we cast
the problem as a Quadratic Eigenvalue Problem offering an
elegant way of treating nonlinear monomials and delivering
a quasi closed-form solution as a reliable starting point for
a further bundle adjustment. We are the first to bring the
closed form solution to such a very practical problem aris-
ing in video surveillance. Results in different camera setups
demonstrate the feasibility of the approach.

1. Introduction

The Structure from Motion (SfM) problem has been in-
tensively studied in computer vision and it has become one
of the problems that has reached a certain maturity. Ro-
bustness, accuracy, and scalability allow to employ the al-
gorithms in many large scale applications, e.g. as a pre-step
for dense multi-view reconstructions, for visual odometry,
arranging hundred thousands images in 3D space, efc.

To come up with a valid solution of camera poses, SfM
algorithms and multi-view geometry techniques heavily
rely on point correspondences across the field of views [10].
This narrows the use of classical SfM algorithms to cameras
with a significant overlap. Surveillance is an example where
this assumption is mostly violated. The cameras are in most
cases distributed and placed such that an observed area is
maximized resulting in a very tiny or no overlap of camera
field of views. A typical setup is shown in Fig. 1 where two
cameras observe a moving point, e.g. a person, and where
no point correspondences can be established.

Figure 1. Surveillance camera setup with two non-overlapping
cameras observing a moving object. The paper addresses the es-
timation of all in red plotted elements, i.e. the camera centers C;,
camera rotations RY and 3D points X, simultaneously, while given
in green plotted measurements u,; and the gravity vector g.

This paper focuses on such a scenario and introduces
a solution for estimating the relative pose of two non-
overlapping calibrated or uncalibrated cameras in the case
of missing point correspondences. We deliver a quasi'
closed-form solution just from detecting and tracking a
moving object. This brings a novel solution which enriches
the group of algorithms for SfM beyond the overlapping
field of views and brings a significant contribution to the
problem of localizing non-overlapping cameras. Until now
there had been no closed-form solution to this problem with
unknown relative rotation neither for calibrated nor for un-
calibrated case.

We focus on a problem with important practical impli-
cations for surveillance and on a problem which has been
considered in the SfM community only marginally. With in-
crease of security level at public areas, the surveillance cam-
era networks with slightly or non overlapping field of view
cameras have been obtaining more attention. In surveillance
community the camera poses are typically assumed a priori
known in order to increase the performance of high level
visual tasks like detecting and tracking people. To come to
the point of knowing the camera poses we propose a method
which automatically estimates two camera relative pose and
could be further utilized in a large camera network cali-

I"quasi® while the solution yields SVD which is in fact an iterative
method but requiring no starting point and delivering an optimal solution.



bration where standard manual calibration methods become
soon infeasible or simply impossible.

The contribution of the paper is the following. We show
how to relax the original non-linear ill-posed problem of rel-
ative camera pose estimation in the non-overlapping case.
We cast the problem as a rectangular Quadratic Eigenvalue
Problem (QEP), which solves in a quasi closed-form for
parameters appearing in non-linear monomials in solution
equations. The closed-form solution for both the calibrated
and uncalibrated case is possible thanks to the assumption
that a person moves linearly and to a known gravity vector
for both cameras. The gravity vector can be automatically
estimated either from a vertical vanishing point in the cali-
brated case or given by an inertial sensor in the uncalibrated
case.

2. Related work

A lot of work has been done in the classical SfM for
relative and absolute pose problems (PnP), also utilizing the
gravity vector [16, 12, 8, 14]. However, all the methods
require point correspondences.

The missing point correspondences as a result of non-
overlapping camera setup have been tackled in the past
by various strategies. Seeing the 3D points as points on
a smooth trajectory and enforcing their temporal consis-
tency has appeared in [4]. Linear extrapolation of trajec-
tories into the invisible image that hallucinates the missing
correspondences has been proposed for uncalibrated [11]
and calibrated cameras [6]. Attempts to use polynomials
for extrapolation have recently been made [1]. A related
approach [18, 19] estimates camera topology in terms of
a graph where the vertices express the cameras and the
edges express spatial proximity. Topology contains less in-
formation than a geometric camera model, however, topol-
ogy can be a prior for camera localization [5]. Obtaining
the missing correspondences by using planar mirror and
their reflections has been tackled in [15]. A non-linear
optimization method to estimate poses of non-overlapping
cameras from local camera measurements enforcing linear
Gaussian Markov dynamics along the trajectory is proposed
in [24, 26]. Thanks to special assumptions on cameras, the
problem reduces to search for 1D rotation and 2D center of
each camera. Not surprisingly, in the general case of cam-
eras that we tackle, there is no convergence due to many lo-
cal minima of the criterion function and a good initial start-
ing point is necessary.

To get the initial starting point the work [22] as an aug-
mentation of [25] to non-overlapping cameras made a first
step, outlined in Sec.4. The camera rotations and internal
calibrations are assumed to be known which is a strong as-
sumption and hence impractical. In this paper we avoid
this assumption and deliver a solution for unknown rota-
tions and internal camera calibration, described in Sec. 5.

3. Notation

Let us assume a 3D point X to be observed by the ¢th
camera at time instance ¢ on its trajectory as u;;, see Fig. 1.
For simplicity of notation, we consider only one trajectory,
however, the formulation holds for an arbitrary number of
trajectories. The standard camera perspective equation [10]
reads as

it = K;[R; t3] (X[ 1)7, (1)

with calibration matrices K;, camera rotations R;, transla-
tions t;, 3D points X, scale \;; and known observations
u;;. We assume two synchronized cameras observing a lin-
early moving object with roughly constant velocity.

4. Known rotation

The rotations R; and internal camera calibration matri-
ces K; are assumed known. This case has been studied
in [25] for overlapping and in [22] for non-overlapping case,
known as the Direct Reference Plane (DRP) method. By re-
arranging Eq. (1) one can write

Xit R K Muy = X — Gy, )
——
di¢
with C; = —RiT t; as the camera center and d;; as the ray

passing through C; and the image measurement u;;. En-
forcing same directions of both vectors,

Idit x (X — C))|l2 = Eqat(i,t) — 0, 3)

eliminates \;; and defines an algebraic error called the data
term. Observing 3D points by at least two cameras, one
can estimate their locations and simultaneously localize the
cameras by minimizing the error E 4 (4, t)2 from Eq. (3) in
a closed form [25]. In the non-overlapping case the prob-
lem is ill-posed with not enough constraints. However, the
smoothness temporal consistency of the 3D points can com-
plement for that to come to a linear problem [22] or to a con-
vex program [21]. The technique in [22], further referred as
the DRP method, has been observed to be especially good
for linear trajectories rather than for loops [21]. However,
the big disadvantage is the necessity of knowing the camera
rotations.

5. Unknown rotation

The rotations R; are assumed unknown. The solution to
this problem defines the contribution of this paper. This
case has not been solved yet in a closed-form due to the
non-linear nature of the problem which the unknown rota-
tions bring. We show how to relax the problem yielding the
closed-form for calibrated as well as for uncalibrated cam-
eras.



The basic idea is to split the rotations R; into two com-
ponents such that one component can be estimated from the
images while the second one is estimated simultaneously
with all other unknowns. Let us re-write Eq. (1) as

/\ituit = Ki [R;’Rg ti] ()(tT 1)T, (4)

where the rotation R; is split into two components RY and
RY. The rotation RY transforms the world coordinate sys-
tem having aligned one of its axis with the gravity vector
g to the ¢th local camera coordinate system. The rotation
R represents the 1D rotation around the gravity vector, see
Fig. 1. The rotation R} is given by a gravity vector g which
can easily be estimated from the images of a vertical van-
ishing point given the camera calibration or from the gravity
vector measured by the Inertial Measurement Unit (IMU).
Using the gravity vector is a reliable and safe relaxation of
the problem allowing to compute the remaining 1 DOF si-
multaneously with other parameters in a closed form.

The vertical vanishing points are typically easy to be esti-
mated in surveillance applications thanks to walking people
which typically stay straight and/or from the vertical lines
present in the environments. Assuming all three vanishing
points to be known to fix the full rotation, as in [22], is of-
ten too restrictive and even impossible to be estimated in
non-Manhattan or very cluttered environments.

Alternative to the vertical vanishing point is the gravity
vector measured by an IMU. The IMUs are very common
nowadays in many devices such as smart cameras and smart
phones. They measure full rotation w.r.t. to the earth mag-
netic field. However, we rely on the gravity vector only,
hence measuring the elevation is reliable and accurate ev-
erywhere (indoor/outdoor) while measuring azimuth, like a
standard compass does, is very sensitive to electro-magnetic
noise present in many indoor environments.

5.1. Known focal length
Re-writting Eq. (4) yields
N RUTK g = RIX Rt )
————
di¢

with the unknowns Rf , X;, and t;. Notice the bilinear rela-
tion between the rotation and the 3D point coordinates. The
1D rotation around the gravity vector g by the angle ¢ reads
as
cos¢p; 0 —sing;
RY = 0 1 0 . (6)
sing; 0 Cos ¢;

o . . _ 1—q;
% which gives cos¢; = 7 T

sin ¢; = 11'7;2 [14]. Substituting that into the rotation RY
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Figure 2. Smoothness term penalty for 3D points of two different
trajectories. The lengths of thick black lines correspond to the cost
paid for each triplet of the 3D points.

Eliminating A;; in Eq.(5) in the similar manner as
in Eq. (3) yields
dix ((1L+ R+ (1+ @RTE ) =0, )
~—_—————

which expands to P
dits l-¢f 0  —2¢ Pic
dity 0 1+q; 0 X:+ | piy || =0.
die- | 2q; 0 1—gf Piz
)
We set the world coordinate system into the first camera,
then ¢ = 0, RY = Isy3, we choose X; = 0, and

p1 = (pz py 1) for fixing the scale and re-denote g2 = g.
Then the first and third linearly independent equations from
Eq. (9) read as
—ditz(Piy + Xty + qzxty) + dity (Piz + Xtz + 2 X0 — ®X:2) =0
dite (Piy + Xey + a° Xey) — dity (Piz + Xtw — 20Xt — ¢° Xta) Tl(()))
Remark that all parameters except for the image measure-
ments d;i{s -} are unknown and subject to be estimated.
Notice the difficulty of the problem since there are some
monomials, e.g. 2¢X ., ¢>X,., composed of a product of
two unknowns. To solve for all the unknowns we propose
the following.
Observing the structure of the equations in Eq. (10) we
see that it can be re-written in the matrix form as

where (D1 +D2g + D3g”) x = 0, an

x = (Xog, Xoy, X2, ... XTy,XTz,plz,plyy17p2m7p2y7p22)(—1rz)
is a vector of unknowns and D;, Do, D3 are known rectan-
gular matrices. Eq. (11) represents a Quadratic Eigenvaule
Problem (QEP), well studied in mathematics. The rela-
tive pose problem for overlapping cameras requiring point
correspondences has already been formulated as QEP, e.g.
epipolar geometry with unknown radial distortion [7] or un-
known omnidirectional camera model [20], Spt and 6pt rel-
ative pose problem [13], essential matrix estimation with a
single unknown focal length [3]. Here we show that non-
overlapping case yields QEP as well.

There are 3(7 — 1) + 6 unknown parameters in total
and 2 equations for each visible point from Eq. (10) hence
2T equations. Clearly, in non-overlapping case the system
is under-constrained. We must add additional equations,
hence we enforce zero second derivative along the trajec-
tory as

[IXi—1 —2X; + Xip1ll2 = Esm(t) — 0, (13)



see Fig.2 for its visualization. Minimization of Ej,,(t)
within Eq.(11) is enforced by splitting the Eq.(13) into
three parts, added as three separate rows into the matrix Dy,
e.g. for the x-coordinate,

’Y(X(tfl)z - 2th + X(tJrl):n) = ’YEsm(t)w — 0. (14)

Since Eq.(11) is being solved subject to ||x||* =
1, in the end, a squared norm E? (t) =
EZ (t),+E2%, (t),+E%,(t), is minimized as required
by Eq.(13). The smoothness term brings us 37 — 6
equations. It implies that minimal case is when 5 points
are visible in total, but at least 2 points in each view.
Constructing the matrices D 53} from image measure-
ments and solving Eq. (11) gives us all the unknowns and
t; = RYp;/(1 + ¢?). Solving the rectangular QEP is
discussed later in Sec.5.3. The parameter v weights the
smoothness term.

Note that the solution of the problem does not change
if there is an overlap and we have point correspondences.
They simply deliver more constraints yielding thus much
better estimate.

5.2. Unknown focal length

Re-writing Eq. (4) in a different way than in the previous
section yields

XK uy = RVRIX, + t5. (15)

Let us assume the calibration matrices K; to have square
pixels with known principal points which shift image mea-
surements u;; to d;;. The calibration matrices K; become
then K; = diag(f;, f, 1). Eliminating the scale by the cross
product as in Eq. (9) and by multiplication of the vector d;;
by f; yields

FiK 7y % (R;’(l +ARIX, + (1 +ql-2)t¢) —0. (16)

Substituting the 1D rotation RY parametrized in the same
way as in Eq. (7) gives

dite 1—¢2 0 —2¢ tix
dity | (R 0 1+4+¢2 0 |Xi+(1+4%) |ty || =0
Ji ]y 2¢; 0 1-—¢ tiz

an
There are three equations, two of them are linearly indepen-
dent. The first and third equations are
—fiditz {(RiZI(l - q?) +2Ri23qi) Xta + (Riz2(1 + q?))Xty +
+(Ri23(1 — qf) —2Ri21qi) X + (1 + q?)tiy] +
+dity {(RiSI(l - qf) +2Ri33qi) Xta + (Ris2(1 + q?)Xty +

+(Rias(1 = 7) = 2Ri31q:) Xez + (14 gDtz | =0 (18)

and

—dity [(Rm(l —4}) + 2Ri131) Xew + (Rirz(1+a;)) Xey +
+(Rita(1 — ¢}) — 2Rin1qi) Xez + (1 + q?)tim] +

+dite [(Rz‘zl(l — 7))+ 2Ri23¢i) Xtw + (Riza(1 + ¢})) Xy +

+(Ri2s(1 — Qf) —2Ri21q:) Xe= + (1 + q?)tly] =0. (19

Note that Eq. (19) has interesting structure and there is no
focal length. Letus set X; = 0, ¢; = 0, g2 = ¢. We can
again re-write it into the form of QEP in Eq. (11) but with

X = (XQI,.XQZ e XTI,XTZ,QI,t1y,t21,t2y)—r. (20)

Moreover, the smoothness term enforced on the trajectory
is in the same way encoded into the matrices Dy; 5 31 as in
the previous section in Eq. (14).

Unlike the case with known focal length there are still
too many unknowns to come up with a solution. It is very
important to emphasize that without additional constraints
the QEP in Eq. (11) is ill-posed and not solvable. It is re-
flected by rank deficiency of the matrix D;. We propose
therefore to bring the missing constraint by enforcing all the
points in one track to have the y-coordinates X, equal. Re-
mark that our world coordinate system is aligned such that
its y coordinate is co-linear with the gravity vector hence the
points within one track have equal this coordinate. Enforc-
ing the equal y-coordinate is a safe assumption in surveil-
lance since we rely on observing and tracking people and
they normally move on the plane. For more than one tra-
jectory, all are required to lie in parallel planes. So every
trajectory except for the first one (there X, = 0) would
have one extra parameter X, for all the points within the
same track.

Each 3D point gives us one Eq. (19), so T" equations, and
the smoothness brings us 27" — 4 equations. Since there are
2(T — 1) + 5 unknowns in Eq. (19), the minimal configura-
tion is 7 points to be seen, at least 2 and 3 points in the first
and the second camera, respectively. Having solutions for
¢ and unknowns in Eq. (20), the rest unknown parameters,
i.e. fi, pi-, can be estimated from Eq. (18) in a linear man-
ner as a right null space of the design matrix A; composed
of already known parameters and image observations, i.e.
solving the linear system A;(f; , p;-, 1)T = 0.

5.3. Rectangular QEP

When the design matrices Dy 3y in Eq. (11) are square,
they yield a square QEP and there are many solvers avail-
able, e.g. polyeig in MATLAB. Alternatively the QEP can
be easily converted to a generalized eigenvalue problem
(GEP) and for which even more solvers exist. The QEP as
an interesting solvable non-linear algebraic problem which
has appeared in many scientific disciplines and many of
such problems are summarized in [9].



If the matrices are rectangular, Eq. (11) can be squared
by left multiplication by D{ , as suggested by [7]. This trick
has virtue of preserving the true solution in the noiseless
case. However, such a solution suffers from a significant
bias and variance in the presence of noise. We follow the
work of [2] and to find a global optimum for g we sug-
gest the following solution. First, we transform the QEP in
Eq. (11) to the GEP to the form

(E—Fg)x =0, 1)

to be consistent with [2], where E and F are rectangular ma-
trices, composed of matrices Dy; 2 31 and X = (xT,gx")T,
see e.g. [7].

The iterative technique in [2] is based on perturbation of
the rectangular matrices. They start from the solution given
by solving first the GEP: (F'E — F'Fg)x = 0. In noisy
situations this is is not suitable and often far from optimal
solution. To cope with local minima and to find a global
solution we take advantage of knowing that ¢ is bounded
since 6 is between [—m, 7] deg. We design the following
algorithm:

1. Discretize the space of g such that ¢; = tan( =527 )
2. Compute the smallest singular value of the rectangular

matrix [E — Fg;] as a solution vector X;.

3. Evaluate the following residuum [2]
¢j = I(E—Fg;)%;l13/(1 + ) 22)

4. Find local minima of ¢;, keep them as ¢;, X;.

5. For each ¢, x; as a possible solution compute all
the rest parameters and evaluate the smoothness cost
E,p, in Eq. (13) and the re-projection error F,..,, with
Ly norm. Choose only one solution having the sum
Eyep + vEs,, minimal while fulfilling the cheirality
constraint that all the measured points are in front of
the cameras which see them.

6. For the selected solution ¢, X run a simple local min-
imization analogously to gradient descent, i.e. iterate
steps 2, 3 by changing ¢ by adding or subtracting A
which adaptively changes over the runtime depending
on decreasing the residuum.

The value A was set in all our experiments to 10deg.
Typically the final local minimization in the step 6 takes
about 30 iterations. Solving the QEP reduces to null space
computation of a rectangular matrix which can be done ef-
ficiently by SVD. Since the matrices Dy 5 3} are sparse and
so E and F, fast sparse solvers for SVD can be utilized for
significant speeding up. If there is no local minimum after
the step 4, it indicates no solution. The reason is that the
noise level in image observations u,; is too high or the true
trajectory is far from being straight.
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Figure 3. Noise influence on residuum ¢, Eq. (22), for solvigng over-
constrained rectangular QEP with known (top row) and unknown
focal length (bottom row). Ground truth g is marked by the black
vertical line. Two type of noise was added; the noise rotating a
gravity vector with std of 0.5 deg and the noise on image measure-
ments with std of 0 pxl (left), 1 pxl (middle), 2 pxl (right). Ten runs
are shown to see better the deviations.

We did investigate the shape and noise sensitivity of the
residuum function from Eq. (22) in Fig.3 of the SETUP B
shown in Fig. 4. Positive is that the function is multi-modal,
typically with one minimum. Noise does not change much
the shape of the function, but it can shift the minimum and
can sometimes introduce other minima. To find the global
minimum we therefore propose, first, to localize all the local
minima by the strategy of equal sampling in the step 1. Sec-
ond, to check the cheirality constraint, and third, to run the
local optimizer for the selected minimum. Notice that by
the QEP we minimize the algebraic error, but for selection
the final solution we evaluate the re-projection error as sta-
tistically optimal criterion. Not surprisingly, the calibrated
case is less sensitive to noise than the uncalibrated one.

5.4. Degenerate cases

The first problem is in parametrization of the 1D rotation
matrix in Eq. (7) by ¢ = tan % It introduces a degenerate
case when ¢ = 7 as tangent goes to infinity. This would
correspond to the case when two cameras are mounted on
opposite walls observing the same part of the scene. It can
cause numerical instability hence no feasible solution. This
can be easily resolved by squeezing a rotation matrix & for
the second camera between RY and RJ in Eq. (4) as Ry RRJ.
The matrix R has the same form as RY where the angle ¢
is set as least to three different values. Running the algo-
rithm three times independently with R := RRJ, at least
two times, the results must be identical up to numerical ac-
curacy and thus correspond to a valid solution.

The second issue is a potential rank deficiency of D; in
the case of the unknown focal length, Sec.5.2, when the
cameras have optical axis perpendicular to the gravity vec-
tor. The matrix elements Ry3, Ro3 are 0 which cancels the
constraints on Xy, in Eq. (19) turning the QEP unsolvable.
This is very rare situation in surveillance as the cameras are
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Figure 4. Synthetic experiment. (a) Setup configuration. Error in (b) camera center, (c) rotation, and (d) focal length estimation. Camera
views are in-plotted in (d). I -DRP (blue), III - DRPupR (red), V -DRPupRf (black); I, IV, VI - after BA.

mostly mounted near ceilings looking down, observing the
ground plane, and therefore a minor issue.

6. Experiments
6.1. Synthetic data

We simulated three different setups typically present in
the video surveillance, see Fig.4a. SETUP A has a slight
overlap and three points are in correspondence near the
image boundaries. SETUP B and SETUP C are fully non-
overlapping cases. We added Gaussian noise to image mea-
surements with standard deviation o and performed 100 tri-
als at each o value. To simulate real situations we extra
added at each iteration noise to focal length (2%), rotation
of the gravity vector in random direction (0.5deg) and rota-
tion around gravity vector (1.5deg). It reflects the fact that
we typically measure these entities with such order of accu-
racy. Two different amounts of noise to rotation come from
the fact that measuring the gravity vector is more accurate,
typically 3 times than measuring the earth north pole direc-
tion.

We evaluated three different methods. The method [22]
denoted as DRP, the proposed method with known camera
focal lengths, DRPupR, and unknown focal lengths, DR-
PupRf. For each method we run the bundle adjustment (BA)
hence six results in total. In Fig.4 we show the statistics
for estimation of camera center, rotation and focal length of

the second camera. The error in rotation is defined as the
minimal angle needed to rotate the camera to the ground
truth orientation. The gauge freedom between the estimate
and the ground truth camera positions is solved by aligning
coordinate system with the first camera and enforcing the
z-coordinate of the second camera center to be equal to the
ground truth value.

Let us summarize the results from Fig.4. The DRP
method assumes known camera rotations and focal lengths
which values are typically known up to some accuracy. At
some point it is better to estimate them as we see from
Fig.4b,c that DRPupR estimating rotation given the fo-
cal length outperforms the DRP. Estimating focal length is
very difficult problem, especially when it comes to robust-
ness. However despite that the DRPupRf estimating rota-
tion and the focal length outperforms the DRP and also DR-
PupR until some o values. The BA decreases rapidly the
re-projection error, however, resulting in the increase of the
error in the center and rotation estimation when image noise
is to high. Generally we see that using BA initialed by the
DRP, DRPupR, and DRPupRf methods gives almost identi-
cal results. That underlines the feasibility of our methods as
we are comparable to the state-of-the-art DRP method while
assuming much less information. From practical point of
view, knowing at least the focal length is the best and the
most stable case.

We use two non-collinear trajectories allowing the BA to



be effective. If one trajectory were used the BA optimizing
over full camera rotations and translations would be am-
biguous. One trajectory allows the BA to arbitrarily rotate
the cameras around the linear trajectory without changing
the re-projection error. The second trajectory fixes this free-
dom. Since there are no point correspondences the standard
bundle adjustment cannot be used. We therefore modified
BA [17] relying on point correspondences in such a way that
instead of re-projection error alone the weighted sum of it
and the smoothness term from Eq. (13) is minimized [23].

6.2. Real data

For better comparison to DRP we evaluated the proposed
methods on the same image sequence as used in [22]. The
3 minute long footage contains a walking person in front
of two slightly overlapping cameras mounted against each
other similar to SETUP C. There is no single detection si-
multaneously seen by both cameras thus it represents a non-
overlapping case.

Since our methods assume linear trajectories we manu-
ally selected 10 roughly linear subtrajectories from the en-
tire sequence. Fig.5 shows images with head-shoulder de-
tections and all the ten tracks in both views. The accuracy
of the Adaboost based detector is rather poor as seen in the
zoomed figures. Notice that the centers of the tracked re-
gion vary within the bound of 20 pixels which makes the
problem challenging.

Since we assume only linear trajectory we can benefit
from that and simply detect and remove outliers and cor-
rect all the measurements in advance. We fit a line on the
detections in each track and project all the points back into
the line. We fit a 2x2 homography on the projected points in
RANSAC style and shift all the projections accordingly. This
pre-step gives us perfectly linear trajectories with geomet-
rically validated projections. Since this pre-step is always
possible to be done it has the following practical outcome.
A person is being detected, tracked and if the detections can
be approximated by a line, only then they are considered
and fed into our method. It is a great advantage to standard
StM where we typically have no prior information about 3D
point locations and outliers are pruned only when solving a
relative or absolute pose problem.

We consider the sequence extremely hard in sense that
no matter how far the person from the cameras is all the
detections are almost co-linear and close to the horizon, see
Fig. 5b,d. This is due to the fact that cameras are mounted at
the same height as the walking person. As noted in Sec. 5.4
this is very close to a degenerate configuration for DRPupRf
method. In practical video surveillance this never happens
and therefore we consider this experiment together with
very noisy detections as extremely challenging and giving
us an upper bound of inaccuracy.

We evaluated the same methods as in the synthetic case.

err Clm] | Rideg] | f1[%] | f2[%]

DRP (GT) | 0.06/0.05 | 0.0/0.1 - -
(IMU) | 0.43/0.43 | 75/7.5 - -
DRPupR (GT) | 0.20/0.20 | 2.7/2.7 - -
(IMU) | 0.46/0.45 | 7.8/7.7 - -

(VP) | 0.39/0.38 | 53/5.3 - -
DRPupRf (GT) | 0.58/0.58 | 8.3/8.3 9 27
(IMU) | 1.88/1.86 | 9.2/9.1 98 270

(VP) | 1.14/1.13 | 6.5/6.4 30 20

Table 1. Real data. Comparison of three methods using ground
truth (GT) rotation, rotation from IMU and vanishing point (VP).
The numbers after slashes are the results after BA.

As inputs we use the approximated linear trajectories, how-
ever, for the following BA we switched back and use the
original noisy data as shown in Fig. 5. The results are sum-
marized in Tab. 1. To make the BA effective in each run we
considered 4 trajectories simultaneously, hence 7 runs in to-
tal. Median values for error in camera center, rotation and
focal lengths are reported.

The results show a great practical use of the proposed
methods, especially the calibrated case DRPupR. We show
the results when using the ground truth (GT) rotation, IMU
measurement and vertical vanishing point. The error of
0.38m in center estimation and 5deg in rotation for DRPupR
method at the camera distance of 10m is highly acceptable
for the video surveillance. DRPupRf is a bit worse than DR-
PupR, but still delivers a reasonable estimate. The sensitiv-
ity of the focal length estimate is a direct consequence of
the already mentioned almost degenerate case. It turns out
that using visual information captured by the vertical van-
ishing point(VP) gives much better result than the hardware
solution by a common IMU (even if using only gravity vec-
tor). The DRPupR using vanishing point is even better than
DRP with the IMU. There is still a room for improvement,
e.g. using more accurate detections and because of quite ev-
ident radial distortion either correcting the input images for
it or incorporating it into the estimation process similar to
[14].

7. Conclusion

We have moved forward the SfM by delivering a quasi
closed-form solution for calibrated as well as uncalibrated
relative pose problem for non-overlapping cameras observ-
ing a moving person. Until now there had been only a solu-
tion assuming known rotation and calibrated cameras. We
show how to relax the original non-linear ill-posed prob-
lem with unknown rotations and focal length, yielding an
elegant solution via the Quadratic Eigenvalue Problem. We
have proposed fully automatic method with accuracy which
is sufficient for the video surveillance despite noisy inputs.
The method is suited for long time running as it can auto-
matically select appropriate linear trajectories, estimate the
unknown parameters, and integrate the results over time un-
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til a certain peakness in parameter voting space is reached.

The proposed method also offers a solution to the clas-
sical relative pose problem with point correspondences and
known gravity vector. In such a case 3 point correspon-
dences are needed for calibrated case and no requirement
on linear trajectory is enforced.
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