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A B S T R A C T

Simple methods to calibrate non-overlapping cameras using markers on the cameras are proposed. By
adding an augmented reality (AR) marker to a camera, we can find the transformation between the fixed
AR marker and the camera. With such information, the relative pose between cameras can be found as
long as the markers are visible to additional support cameras. The proposed method consists of two steps:
(1) use of an extra support camera and a chessboard to find the transformation between the AR marker
and the camera and (2) use of the transformation between markers to calibrate non-overlapping cameras.
Compared to an existing method, the proposed method works stably and uses fewer images.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

Camera calibration has been investigated for a long time
and remains a popular topic [1,2]. Most vision algorithms, for
example [3–5], require accurate intrinsic camera parameters and, if
multiple cameras are used, extrinsic camera parameters [4].

Stereo camera calibration [6] is the most common case that
requires extrinsic parameter estimation. Stereo cameras necessarily
share the field of view (FOV); therefore, objects and markers in the
shared FOV can be used to estimate the extrinsic camera parameters.
Many 3D reconstruction algorithms have benefited from this type of
calibration process [5].

Another type of extrinsic calibration, i.e., non-overlapping camera
calibration [7], does not share the FOV, thus making stereo
calibration methods inapplicable. Due to different cost and accuracy
requirements, different non-overlapping camera-calibration meth-
ods have been proposed for different applications, such as
surveillance [8] and autonomous vehicle navigation [9]. However,
none of these methods is universal, and each has advantages and
disadvantages, as we describe in Section 1.1.

� This paper has been recommended for acceptance by Hongdong Li.
* Corresponding authors.

E-mail addresses: zhao@eml.hiroshima-u.ac.jp (F. Zhao),
tamaki@hiroshima-u.ac.jp (T. Tamaki).

In this paper, we propose portable and stable calibration methods
for non-overlapping cameras using markers.1 The basic concept is
rather straightforward, i.e., we estimate the transformation between
multiple cameras by estimating the transformation between markers.
Specifically, we place a marker on each camera to be calibrated (i.e.,
target cameras). Then, we capture images of the target cameras using
other cameras (i.e., support cameras) such that all target camera mark-
ers are captured simultaneously in the support cameras’ FOVs. An
overview of the proposed method’s configuration is shown in Fig. 1.
Here, the task is to estimate the transformation between the target
cameras (denoted by 1 and 2 in Fig. 1) using the support cameras.
The proposed method consists of two parts. First, we use the support
cameras and calibration (chessboard) patterns to estimate transfor-
mations between each target camera and corresponding marker pairs.
Then, we estimate the transformations between the target cameras.

Our primary contributions are as follows.

• We present methods to calibrate the extrinsic parameters of
non-overlapping cameras using external support cameras with
markers.

• The proposed methods are evaluated using synthetic and real
data to demonstrate their robustness against various camera
configurations.

1 A conference version of this paper was presented [10]. This paper extends that
version by adding two different methods to the preparation step and providing
additional experimental results.
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Fig. 1. Configuration overview.

The remainder of this paper is organized as follows. In the follow-
ing subsection, we review related work. We describe the proposed
method in Sections 2 and 3. We then provide and evaluate experi-
mental results in Section 4. Finally, conclusions and suggestions for
future work are presented in Section 5.

1.1. Related work

We categorize previous work on non-overlapping calibration into
trajectory-, SLAM-, mirror-, and tracking-based methods. Trajectory-
and SLAM-based methods focus on calibrating cameras attached to
a mobile camera rig, whereas mirror- and tracking-based methods
focus on calibrating a set of stationary cameras.

In trajectory-based methods [9,11], the transformation between
fixed rig cameras should not change regardless of how the camera
rig moves. Each camera on a moving rig captures image sequences,
and camera motions (trajectories) are estimated for each camera.
Then, the method attempts to compute extrinsic camera parameters
by matching the camera trajectories. However, matching trajectories
can suffer from degenerated cases, e.g., when motion occurs along
a straight line. This restricts trajectory-based methods to applica-
tions with a large working space where complex camera motions
can occur. In addition, accuracy is affected by the camera-motion
estimation, which can be unstable in some cases. Furthermore, meth-
ods of this kind [11,12] need non-overlapping cameras to be fixed
on a mobile rig. Such a requirement would be reasonable if cameras
were on a vehicle for autonomous driving, but in some applications
cameras are expected to be fixed on static solid walls, pillars or
ground surface so that cameras mounted on them cannot be moved.
Such a situation limits the usage of methods of this type.

SLAM-based methods [13,14] benefit from recent advancements
in SLAM methods [3,15]. If we have a large calibration pattern
that covers all non-overlapping cameras’ FOVs, we can theoreti-
cally obtain the extrinsic parameters. However, generating such a
large calibration pattern is impractical. By contrast, SLAM 3D recon-
struction of a scene can be used as a type of calibration pattern,
and transformation between cameras can be obtained by register-
ing the 3D geometries of the same scene reconstructed from each
camera. SLAM-based methods do not suffer from degenerate cases;
however, scenes must be initialized in advance. Combinations of
SLAM- and trajectory based methods that employ 3D information to

handle degenerate cases associated with trajectory-based have been
proposed [12].

The idea behind mirror-based methods [7,16,17] is interesting. The
main difficulty with non-overlapping calibration is non-overlapped
FOVs. However, a mirror can be used to reflect a single calibration
pattern to all cameras, which makes it possible to estimate the trans-
formation between the camera and the reflected calibration pattern.
Since the camera and the calibration pattern are fixed, the pose of
the mirror can also be estimated. Poses between cameras can be
obtained by computing the transformations between the pattern and
cameras individually. However, with mirror-based methods, it is dif-
ficult to handle mirror positions to obtain good and stable accuracy.
It is known that calibration patterns should be captured in an image
screen sufficiently large to increase accuracy; however, this is diffi-
cult because the results are sensitive to mirror poses, and there are
various degenerated mirror poses. Therefore, mirror poses must be
arranged carefully. In addition, mirror poses must satisfy a physical
constraint of the mirror–camera configuration in the working space
of the real environment.

Tracking-based methods [8,18] attempt to track the same object
in 3D scenes captured by different cameras. These methods are
typically applied to camera networks, such as surveillance systems,
with multiple cameras. The motion between cameras can be
predicted using a Kalman filter, and different camera poses can
be estimated. Typically, tracking-based methods do not have high
accuracy; however, they may be the easiest approach to calibrating
relative poses of a large camera network.

We compare the existing methods in Table 1, which shows
that for stationary camera calibration, existing methods suffer from
either degenerate cases or do not have sufficiently high accuracy.
Therefore, we propose a highly accurate method that does not suf-
fer from degenerate cases. Experimental results indicate that the
proposed method demonstrates state-of-the-art accuracy and high
stability. Thus, it is expected that the proposed method is suitable for
situations in which existing methods are inappropriate.

2. Formulation

The proposed method involves two steps: 1) finding the trans-
formation between a target camera and an augmented reality (AR)
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Table 1
Comparison of methods.

Trajectory SLAM Mirror Tracking Proposed

Mobile cameras Necessary Necessary Not necessary Not necessary Not necessary
Degenerate cases Yes No Yes No No
Initialization Not necessary Necessary Not necessary Not necessary Not necessary
Additional staff No No Mirror No Marker and support camera
Accuracy High High High Low High

marker [19] and 2) using this information to find the transformation
between non-overlapping cameras. First, we define coordinate sys-
tems and transformations between cameras, calibration patterns, and
markers.

Assume Nt denotes target cameras Ti(i = 1, 2, . . . , Nt) and Ns

denotes support cameras Sj( j = 1, 2, . . . , Ns). Note that a single sup-
port camera is sufficient to explain the concept of the proposed
method; however, we can obtain multiple (i.e., Ns) different view-
points by moving a single support camera. In addition, we assume
that an AR marker Mi is attached to each target camera and that
calibration patterns (e.g., the plane of a chessboard pattern) Ck(k =
1, 2, . . . , Nc) are placed in the scene as a reference. The goal of the task
is to estimate the transformations between target cameras or, equiv-
alently, between the first target camera and the remaining target
cameras. Hereafter, we use Ti, Sj, Mi, and Ck to denote corresponding
coordinate systems, i.e., T1 is the coordinate system of the first target
camera, and so on.

We denote TTi
Tj

=
(

RTi
Tj

, tTi
Tj

)
∈ SE(3) as a coordinate system

transformation from Ti to Tj. In other words, if point X ∈ R
3

is represented as homogeneous coordinates XTi
∈ P3 in Ti, the

following equation holds:

XTj
= T Ti

Tj
XTi

, (1)

Therefore, we have T Tj
Ti

=
(
T Ti

Tj

)−1
. With this notation, the goal

is to estimate
{
T Tj

T1

}Nt

j=2
based on observations of AR markers and

chessboard patterns.
To simplify the discussion, we assume that there are Nt = 2 tar-

get cameras, an Ns = 1 support camera, and an Nc = 1 calibration
pattern. However, the discussion is applicable to other generalized
cases.

2.1. Step 1: transformation between a target camera and a marker

First, we must obtain transformation T Mi
Ti

between target camera
Ti and marker Mi in the scene captured by the support camera S1. The
AR marker detector [20] allows us to obtain the transformations T Mi

S1
.

In addition, by placing a calibration pattern in the views of both the
target and support cameras, as shown in Fig. 2 (a), we can employ a
standard extrinsic camera calibration method [1] to obtain transfor-
mations T C1

Ti
and T C1

S1
from the calibration pattern C1 to the cameras

Ti and S1.
At this point, we have the following:

T Mi
Ti

= T C1
Ti

T S1
C1

T Mi
S1

. (2)

Note that T1 and T2 can use different S1 and C1. In other words, dif-
ferent sets of support cameras and calibration patterns can be used
for different target cameras.

The assumption that the calibration pattern is visible from both
the target and support cameras seems to be strong; however, it is still
practical. The calibration pattern is only required to obtain T Mi

Ti
, and,

if the assumption is satisfied, we can freely move the target camera,
support cameras, and the calibration pattern.

Note that we perform the above procedure for each target camera.
Once the target cameras are calibrated, we can place the target
cameras on a rig in a configuration in which they do not share views
and the markers remain attached to the target cameras.

2.2. Step 2: transformation between target cameras

Next, we capture the scene of the target cameras that do not
overlap the support camera scene such that markers appear in the
support camera view, as shown in Fig. 2 (b). Using the AR marker
detector, we obtain T Mi

S1
. Note that here, the S1 value differs from

that in the previous subsection. By combining T Mi
Ti

, we obtain the
transformation between the target cameras as follows:

T T2
T1

= T M1
T1

T S1
M1

T M2
S1

T T2
M2

. (3)

3. Proposed method

The process described above does not consider the error in each
component transformation; therefore, it is inherently not robust to
noise. To reduce the effect of noise, a natural solution is to use mul-
tiple observations, i.e., multiple support cameras Sj and calibration
patterns Ck.

Here, we assume that transformations
{
T Ck

Ti

}
,
{
T Sj

Mi

}
, and

{
T Ck

Sj

}

obtained in the preparation step are reasonably accurate. Thus,
they are considered as given and fixed in the calibration step
(Section 3.2) to estimate T T2

T1
. The methods used in the preparation

step (Section 3.1) have been well studied and can be considered
optimal in a local configuration, i.e., between the cameras and the
calibration pattern or markers.

Based on this assumption, we introduce the proposed method for
the preparation and calibration steps.

3.1. Preparation step

To estimate transformation2 T M
T , multiple observations may be

acquired by moving the support camera {Sj} and the calibration
pattern {Ck}.

We propose three methods of achieving this goal.

3.1.1. 3D point registration-based method
The first method compares the n-th point XCk ,n in the target

camera coordinate system T to calibration patterns Ck transformed

2 To simplify the notation, we omit index i.
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Fig. 2. Support camera view for preparation and calibration steps.

through two different paths, i.e., from Ck to T and from Ck to T through
Sj and M. This leads to the following minimization problem:

min
T M

T

Nc∑
k=1

Ns∑
j=1

∑
n

E,

E =
∥∥∥T Ck

T XCk ,n − T M
T T Sj

M T Ck
Sj

XCk ,n

∥∥∥
2
. (4)

In practice, this is equivalent to the following:

E =
∥∥∥Yj,k,n

T −
(

RM
T Xj,k,n

M + tM
T

)∥∥∥
2
, (5)

where

Yj,k,n
T = RCk

T XCk ,n + tCk
T (6)

Xj,k,n
M = R

Sj
M

(
RCk

Sj
XCk ,n + tCk

Sj

)
+ t

Sj
M. (7)

In other words, the problem is to estimate the transformation
between two sets of corresponding 3D points

{
Yj,k,n

T , Xj,k,n
M

}
. This is

a standard orthogonal Procrustes problem for which many solvers
exist [21–23]. Note that Yj,k,n

T is the same for all j.

3.1.2. Reprojection error-based method
Many calibration methods minimize reprojection errors [1,17,24],

which is the second idea, i.e., minimizing the error between the
detected 2D points of calibration pattern ck,n in the target camera’s
image and the re-projected calibration pattern c′

k,n,j.
We attempt to minimize the following cost function:

min
T M

T

Nc∑
k=1

Ns∑
j=1

∑
n

E,

E =
∥∥∥ck,n − c′

k,n,j

∥∥∥
2
. (8)

The re-projected point of the calibration pattern c′
k,n,j is obtained

as follows:

c′
k,n,j = fT

(
T M

T T Sj
M T Ck

Sj
XCk ,n

)
= fT

(
T M

T X′
Ck ,n

)
(9)

where fT() is the projection of camera T and X′
Ck ,n = T Sj

M T Ck
Sj

XCk ,n.
This is a pose-estimation problem that can be solved by

the Levenberg–Marquardt algorithm. Note that we use the Ceres
solver [25] implementation of this algorithm.

Fig. 3. Configurations of the synthetic datasets for (left) the preparation step and (right) the calibration step. Support and target cameras are shown in red and blue, respectively.
The red grid is a calibration pattern, and the black grids are markers on the target cameras.
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Fig. 4. Performance comparison of registration-based (first row), reprojection-error-based (second row), and joint-optimization (third row) methods: error in estimating
translation vectors (first column), rotation angles of T M

T (second column), and reprojection errors on the target camera’s image (third column).

3.1.3. Reprojection error-based joint optimization
The third idea is to find all required transformations in a large

joint optimization problem to minimize reprojection errors. In other
words, we attempt to minimize the following cost function:

min
T M

T ,T Ck
Sj

,T M
Sj

,T Ck
T

E,

E =
∑
k,j,n

∥∥∥f ′
(
T Ck

Sj
XCk ,n

)
− ck,n,j

∥∥∥
2

+
∑
j,n′

∥∥∥f ′
(
T M

Sj
XM′

n

)
− mj,n′

∥∥∥
2

+
∑
k,n

∥∥∥f
(
T Ck

T XCk ,n

)
− ck,n

∥∥∥
2

+
∑
k,j,n′

∥∥∥f
(
T M

T T Sj
M T Ck

Sj
XCk ,n

)
− c′

k,n,j

∥∥∥
2
,

(10)

where mj,n′ is the n′-th 2D marker point in the support camera’s view
and XM′ ,n is the n-th 3D point on marker M′. From the first to the last
terms, we attempt to minimize the reprojection errors of points on

the calibration patterns (first term), markers in the support cameras
(second term), the calibration patterns in the target camera (third
term), and the calibration patterns in the target camera through the
support camera and the marker (fourth term).

Note that this optimization is complex and non-linear, and
requires a good initial value. We use the results obtained from a set-
ting with one support camera and calibration pattern (Ns = Nc = 1)
as the initial value for this problem. In our experiments, we also use
the Levenberg–Marquardt algorithm in the Ceres solver [25].

3.2. Calibration step

In the preparation step described above, we obtain transforma-
tions TMi

Ti
for all marker-target-camera pairs. In the calibration step,

we obtain the transformation between target cameras.
Here, the transformation to be estimated is TM1

M2
. To this end, we

propose an idea that is similar to that discussed in Section 3.1.1, i.e.,

Fig. 5. Slopes of three methods relative to different error metrics.
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Fig. 6. Error in estimating (first row) translation vectors and (second row) rotation angles of T T2
T1

by the point-cloud registration-based method and slope of them.

we take advantage of multiple observations Sj by moving the support
camera. The difference is the points used. We compare points XM1,n

(n-th point of M1 in the coordinate system M2 transformed) through
different transformation paths; M1 to M2 directly, and M1 to M2

through Sj. This is formulated as the following problem:

min
T M1

M2

Ns∑
j=1

∑
n

E,

E =
∥∥∥T Sj

M2
T M1

Sj
XM1,n − T M1

M2
XM1,n

∥∥∥
2
. (11)

Again, this can be written as a Procrustes problem as follows:

E =
∥∥∥Yj,n

M2
−

(
RM1

M2
Xj,n

M1
+ tM1

M2

)∥∥∥
2
, (12)

where

Yj,n
M2

= R
Sj
M2

(
RM1

Sj
XM1,n + tM1

Sj

)
+ t

Sj
M2

(13)

Xj,n
T2

= XM1,n. (14)

Fig. 7. Settings used to perform stereo calibration (left) and Takahashi et al.’s [17] method (right).



52 F. Zhao et al. / Image and Vision Computing 70 (2018) 46–54

Finally, we obtain the transformation between target cameras as
follows:

T T2
T1

= T M1
T1

T M2
M1

T T2
M2

. (15)

4. Experimental results

We evaluated the proposed methods in two settings. First, we
used synthetic data to evaluate the robustness of the proposed meth-
ods in noise over different numbers of observations. Second, we used
real images from overlapping cameras, which allowed us to use a
stereo calibration result as a “ground truth”, to compare performance
among existing mirror-based methods.

4.1. Synthetic data for the preparation step

We created synthetic data by projecting the points of the calibra-
tion patterns and markers onto the target and support camera image
screens. The internal parameters of both the target and support
cameras were fixed in advance as follows:

K =

⎡
⎣

1100 0 800
0 1100 600
0 0 1

⎤
⎦ . (16)

The coordinate systems T, M, Sj, and C were arbitrarily placed in
a 3D scene such that the calibration patterns were visible to both
the target and support cameras (Fig. 3 visualizes this configuration).
Here, we have Ns = 9 support camera images. We fixed the trans-
formations of the coordinate systems and used them as the ground
truth. Note that rotations are represented by quaternions to avoid
the Gimbal lock effect.

We added Gaussian noise (zero mean and standard deviation
s as the noise level) onto the 2D coordinates of the projected
points. We then obtained transformations by applying a standard
perspective-n-point problem [26]. Then, we compared the estimated
transformations T M

T and T T2
T1

to the corresponding ground truth
transformations.

Fig. 4 shows relative errors of T M
T , showing errors for estimated

translation vector rotations, and average reprojection errors in the
target camera, respectively, by averaging results of 100 trials for
each noise level s . Each row of Fig. 4 corresponds to three proposed
methods, and each column shows errors in translation, rotation, as
well as reprojection. In each graph, different plots show average
errors with different numbers of support camera images used for
estimation, in which average errors increase as noise level becomes
large.

Errors in translation and rotation with one support camera image
increase largely compared to errors with multiple support images.
However, it is difficult to see the effect of increasing support images
with these plots. Fig. 5 visually shows the effect. First, we fit a line
(y = ax without bias) to each of the error-noise level plots and obtain
the slope a. In the plots of Fig. 5, the slope is shown over different
numbers of support camera images. The first two graphs in Fig. 5
clearly show the effect of using multiple images. We see that the
registration-based and reprojection-error-based joint optimization
methods perform equally and better than the reprojection-error-
based method. The registration-based method appears to be the best
because it is computationally much more efficient than the joint
optimization.

The last column in Fig. 4 shows reprojection errors. These plots
look different from the results above; the errors with a single image
are better, and the slope appears to increase with the number

of images. Besides, the reprojection-error-based method outper-
forms the registration-based method in this metric. This is reason-
able because the reprojection-error-based method minimizes the
reprojection error, whereas the registration-based method does not
involve it. The other two methods have better results in rotation and
translation error; therefore, this might suggest that the reprojection
error is not a good indicator for comparison in this simulation setting.

4.2. Synthetic data for the calibration step

We created additional synthetic data with two target cameras
placed almost in parallel, as shown in Fig. 3 (right). The results are
shown in Fig. 6. Note that we used the noise-free transformation TM

T ;
thus, accuracy was affected by only the calibration step. The results
on the left show that errors in translation and rotation were slightly
greater than those of the preparation step; however, the errors were

Fig. 8. Estimated camera poses in five images from the support camera under the
stereo condition.
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Fig. 9. Estimated camera poses in five images from the support camera under the
non-overlapping condition.

still in acceptable ranges (up to 0.1 cm and 0.01 rad at a noise level
of 2 pixels). The plots on the right show the slope of the error–
noise-level plots, which indicate the effect of using multiple support
camera images.

4.3. Real data

We used the proposed method to calibrate two USB3 cameras
(PointGray FL3-U3-32S2C-CS, 1/2.8

′ ′
CMOS, max. resolution: 2080 ×

1552) with SPACECOM L28CSWI lenses ( f = 2.8 mm, F1.3 ∼ close
(manual) and an angle of view of 92.0◦ ×71.7◦, manual focus) using a
support camera (iPhone 5s rear camera) with a default lens (F = 2.2,
f = 30 mm). The image resolutions of the target cameras were
1600 × 1200 and 3264 × 2448 pixels for the support camera. To
estimate T Mi

Sj
, we used the ArUco board marker detector [20,27]. To

estimate T C
Ti

and T C
Sj

, we used an OpenCV [26] implementation of

Zhang’s method [1] with a chessboard calibration pattern. Note that
the internal camera parameters were also estimated in this step.

Each of the cameras is fixed on a separate camera rig that is rigidly
fixed on the table by a strong magnet. The baseline between two
cameras is not so long, but this does not mean that our method is
constrained by a small baseline. Our method works as long as the
target markers are seen from the support camera.

For the performance evaluation, we compared the proposed
method to standard stereo-camera calibration [6] implemented in
OpenCV that directly estimates the transformation T T2

T1
between the

target cameras. Note that this is possible only when two target
cameras share their views; therefore, this setting is standard stereo
calibration rather than non-overlapping calibration. However, we
expect that our method should show similar performance in the
non-overlapping situation.

We compare the proposed methods to mirror-based meth-
ods [17] and [28]. The mirror-based methods require that the
calibration pattern be observed through mirrors. However, in our
experimental setting, the calibration pattern was observed directly
by both cameras. Therefore, we moved the calibration pattern such
that the cameras could observe it through the mirror, while the
relative camera positions were unchanged. Then, we obtained TTi

C1

using code available online [29] to calculate transformation TT2
T1

.
We also performed the same experiment in another setting with
non-overlapping cameras to compare the results of the proposed
and mirror-based methods without stereo calibration. Note that
the mirror-based method [17] takes exactly three points and three
images as input; therefore, we used all combinations of three points
on the chessboard pattern to estimate the results and selected
the result with the smallest reprojection error. The improved
method [28] can accept more points and images; thus, we used five
images and all points in a 9 × 6 chessboard pattern (Fig. 7).

For the proposed method, we took five images (Ns = 5) with the
support camera and one image with each target camera to estimate
T M1

T1
and T M2

T2
. Note that the same images were used to estimate T T2

T1
.

We visualized the estimated camera poses onto the support cam-
era images for validation in Figs. 8 and 9. The pose of the left
target camera T1 estimated from TM1 is shown in black and indi-
cated by “left camera” or “base camera”. The right target camera T2

obtained by the stereo calibration is shown in red. Note that this was
considered to be the ground truth in this experiment.

The result of the proposed method (3D point registration-based)
is shown in dark blue (“our method” in the images). As can be seen,
the blue and red cameras are very close to each other, which means
that the proposed method correctly estimated the transformation
TT2

T1 . The results by [17] and [28] are shown in green (“mirror based”)
and cyan (“ mirror based 2”), respectively. The results of our method
appear to be similar to the stereo-calibration results and better than
the results of the mirror-based methods. This may be due to the
degenerated cases inherent to the mirror-based methods. Mirror-
based methods require the configurations of cameras, mirrors, and
calibration patterns to be limited in order to avoid unexpected fail-
ures encountered during actual setting shown here. By contrast, the
proposed method has great configuration flexibility without hidden
degenerated cases.

5. Conclusions

In this paper, we have proposed marker-based non-overlapping
camera-calibration methods that can be used for both non-
overlapping and overlapping cameras. By taking advantage of AR
markers and support cameras, the proposed method first finds trans-
formations between the AR markers and the target cameras. The
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proposed method works as long as the markers attached to the target
cameras are visible to the support cameras.

We used both synthetic and real data to evaluate the proposed
method. The results show that the 3D registration-based method
demonstrates the best performance. Compared to other methods,
our method is simpler and handles many images, thus improving
accuracy, and does not suffer from degenerate cases evident in some
existing methods. In future, we plan to apply the proposed method
to real-world applications with non-overlapping cameras.
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