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Rolling Shutter Camera Absolute Pose

Cenek Albl, Zuzana Kukelova, Viktor Larsson and Tomas Pajdla, Member, IEEE,

Abstract—We present a minimal, non-iterative solutions to the
absolute pose problem for images from rolling shutter cameras.
The absolute pose problem is a key problem in computer vision
and rolling shutter is present in a vast majority of today’s digital
cameras. We discuss several camera motion models and propose
two feasible rolling shutter camera models for a polynomial
solver. In previous work a linearized camera model was used
that required an initial estimate of the camera orientation.
We show how to simplify the system of equations and make
this solver faster. Furthermore, we present a first solution of
the non-linearized camera orientation model using the cayley
parameterization. The new solver does not require an initial
camera orientation estimate and therefore serves as a standalone
solution to the rolling shutter camera pose problem from six 2D-
to-3D correspondences. We show that our algorithms outperform
P3P followed by non-linear refinement using rolling shutter
model.

Index Terms—Computer vision, camera absolute pose, rolling
shutter, minimal problems

I. INTRODUCTION

HE PERSPECTIVE-N-POINT problem (PnP) for cali-

brated cameras is the task of finding a camera orientation
and translation from n 2D-to-3D correspondences. It is a
key problem in many computer vision applications such as
structure from motion, camera localization, object localization
and visual odometry. PnP has been thoroughly studied in the
past with first solution being published in 1841 by Grunert and
later revisited in [10]. The PnP problem for calibrated cameras
can be formulated as a system of simple polynomial equations
and solved from three correspondences. Many authors focused
on different formulations of the problem, comparing numerical
stability, speed or methods how to calculate the camera pose
from more than three correspondences, see e.g. [4], [9], [22],
[26], [271, [33], [35].

In general, existing methods for calculating PnP can be
divided based on two criteria. They use either (1) a mini-
mal number of 2D-to-3D correspondences, usually within a
RANSAC paradigm to improve robustness, or (2) use more
than the minimal number of measurement to simplify the
equations. Another division can be made between iterative
algorithms and non-iterative algorithms, where the former
usually requires some approximate solution to begin with.

Previously mentioned methods assume a perspective camera
model which is a model physically valid for cameras with a
global shutter. However, CMOS sensors that are used in vast

C. Albl (cenek.albl@gmail.com) and T. Pajdla
(pajdla@cvut.cz) are with the Czech Institute of Informatics, Robotics
and Cybernetics of the Czech Technical University in Prague

Z. Kukelova (kukelova@cmp. felk.cvut.cz) is with the Department
of Cybernetics, Faculty of Electrical Engineering, Czech Technical University
in Prague.

V. Larsson is with the Department of Mathematics, Faculty of Engineering,
Lund University

e

Fig. 1: Result of a standard P3P, P3P with local optimization
using RS model and our R6P algorithm applied on image with
high rolling shutter distortion. Inliers found among tentative 2D-3D
correspondences for different algorithms are shown. Inliers found by
P3P are blue, inliers found by P3P with local optimization are red
and inliers found by R6P are green. Notice that R6P found many
more matches than P3P and also than the locally optimized solution
initialized by P3P.

majority of today’s consumer cameras, smartphones etc. use
the rolling shutter (RS) mechanism [24] to capture images.
The key difference is that with the global shutter, the entire
image is exposed to the light at once, whereas when using
the RS the individual image rows (or columns) are captured
at different times. When a RS camera moves while capturing
the image, several types of distortion such as smear, skew
or wobble appear. A perspective camera model is no longer
valid in this case and methods which do not model the rolling
shutter effects will give poor estimates.

Recent works have shown that RS is an important effect that
should be considered in image rectification [17], [28], structure
from motion [2], [13], [12] and multiple view stereo [29].
Those works have shown that existing methods can perform
poorly on RS data or even fail completely and that incorpo-
rating some sort of RS camera model can solve these issues.

In [2] authors tackled the problem of RS absolute pose using
a non-linear optimization with the initial guess obtained by a
linear method using 82 points and assuming a planar scene.
We present the first minimal solution to the RS absolute pose
problem from 6 non-planar points.

Another non-linear optimization method is presented in [12]
which is well-suited for video sequences, where camera poses
are computed sequentially taking the previous camera pose as
an initial guess. In [18], the authors compensated for the RS
effect prior to the optimization using estimated camera motion
parameters from subsequent video frames. In contrast, our
solvers work for single images exactly as P3P for perspective
cameras.

A globally optimal solution using polynomial equations
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and Gloptipoly [14] solver to solve rolling shutter PnP is
shown in [23]. Authors show that the method is capable of
providing better results than [2] with the use of seven or more
point correspondences. However, the runtime of this approach,
which uses Gloptipoly, is at least 500 times longer than our
solvers (0.3ms) and therefore [23] is not practical for using
in a RANSAC loop. Moreover, when using more points, this
approach is more sensitive to mismatches.

A first minimal solution to RS absolute pose was presented
in [3]. It uses the Grobner basis method to produce a solver
which computes the camera pose and velocities from six
correspondences (R6P). Due to the linearized model used for
camera rotation matrix it requires an initial estimate of the
camera orientation.

This paper is an extended version of [3] that presents a
new solution to the R6P problem which does not require
any initial estimate of camera orientation. Furthermore, we
present a more efficient version of the original R6P double-
linearized solver [3] which reduces computation time signif-
icantly. Lastly, this work provides a thorough comparison of
the minimal solutions to non-linear optimization alternatives
and gives a more thorough insight on the capabilities of R6P
minimal solvers in various real-world experiments.

A. Motivation

It is important to note that rolling shutter effects are present
even in still images and not only video sequences. Therefore it
is desirable to have methods which only require a single image,
which can be used for structure from motion, camera or object
localization in cases where we don’t have a video sequence
or are too limited in computing resources to process every
frame of a video. An example could be an unmanned aerial
vehicle equipped with a camera for on-board localization or
doing a large scale structure from motion reconstruction from
a camera mounted on a car.

Contribution. This paper contains two non-iterative minimal
solutions to the rolling shutter absolute pose (RnP) problem.
These solutions provide more accurate camera pose estimates
than standard P3P solution when images are affected by RS
distortion and they work for still images as well as video
sequences. Feasibility of several different RS camera models is
analyzed and interesting experimental observations are made
showing the benefits and limits of a RS camera model and a
standard P3P model on a rolling shutter data.

We present a new solution for RnP from six-
correspondences based on the cayley transform model
(R6P-1lin). Unlike with the double-linearized model used
in [3] the new solution does not require an initial estimate
of camera orientation. Furthermore, using the hidden variable
trick [7] to simplify the system of polynomial equations, we
produced a more efficient solution to the original R6P [3]
(R6P-2lin) reducing the computation time significantly.
Instead of solving six equations in six unknowns we solve a
system of equations in only three unknowns.

In addition to comparing the results of R6P-1lin, R6P-2lin
and P3P minimal solvers we investigate the influence of subse-
quent local optimization. We compare the results obtained by

and Madhiitye/FteHigenig/ 10.1109/ TPAMI.2019.2894395

RS solvers to using non-linear optimization with P3P result as
an initial estimate. Local optimization is done using the full
RS rotation model in LO-RANSAC and subsequent bundle
adjustment. Extensive experiments are conducted in order to
show what kind of improvement can be made and which
approach provides the best results.

We investigate several rolling shutter camera models in
section III and we discuss and verify their feasibility for a
minimal solution to the RS absolute pose problem. In section
IV we describe how to prepare the equations of the two models
to be solved by a polynomial solver. Section V presents a
method how to keep the data close to the linearization point
where the double-linearized model works well. The resulting
R6P solvers and subsequent local optimization approaches are
thoroughly tested in section VII.

II. ABSOLUTE POSE WITH ROLLING SHUTTER

The computation of absolute camera pose using 2D and 3D
point correspondences under the rolling shutter effect (RnP)
brings new challenges. Standard PnP for perspective cameras
uses the projection function

Aix; =RX; +C @))]
where R and C is the rotation and translation bringing a
3D point X; from world coordinate sTystem to the camera
coordinate system with x; = [r;,¢;, 1] , and scalar \; € R.
For RS cameras, every image row will be captured at different
time and hence at different positions when the camera is
moving during the image capture. R and C will therefore be
functions of the image row r; being captured.

ri

— R(r:)X; + C(r7) )

Next, we will describe functions R(r;) and C(r;).

III. ROLLING SHUTTER CAMERA MODELS

In this section we will consider several rolling shutter
camera models and investigate their applicability for the RnP
problem. For the camera translation we choose a simple
constant velocity model which was used in [29], [23], [24],
[12], [2]. Good results achieved by previous works suggest that
constant velocity is a sufficient approximation for the short
time-span of a frame capture. We can write C(r;) as

C(ri) =C+ (ri —ro)t 3)
where C is the camera center corresponding to the perspective
case, i.e. when r; = r(, and t is the translational velocity. By
changing ry we can set the image line for which the rolling
shutter model reduces to a perspective camera model. For our
purposes we choose rg to be the middle row of the image,
which will be justified later.
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A. SLERP model

To accommodate for camera rotation during frame capture we
could interpolate between two orientations. A very popular
method to interpolate rotations is SLERP [30], which was
used in [12]. It works with quaternions and the formula to
interpolate between two rotations represented by qg and g
in (2 —tQ in tQ
SLERP(qo,a1,t) = g0 (Sith ) Q SsintQ
where 0 = arccos (qo'qy). It is a linear interpolation on
the sphere of quaternions, which in practice means that there
will be a constant angular velocity. This is a nice property,
which could even hold true in some special cases in reality
(e.g. a camera mounted on a rotating platform or a car,
which is turning with constant angular velocity). However,
the presence of sine and cosine prevents us from using this
model directly in a polynomial solver. We could substitute the
sine and cosine with new variables and obtain a polynomial
equations but that leads to high order polynomials and too
complicated computations to get a fast solver. Moreover,
with the increasing number of variables the solution becomes
numerically unstable. This parameterization can be, however,
utilized in the subsequent optimization step, such as bundle
adjustment in [12].

4)

B. Euler vector model

Euler vector is co-directional with the rotation axis and the
length of the vector is equal to the rotation angle. One can
then write a rotation matrix associated with Euler vector e
using the Rodriguez formula

R(e) = I+ [”;} sinllell + [Il;d

where []x is a skew symmetric matrix. Using Euler vector
to describe camera rotation during capture yields the same
advantages and drawbacks as using SLERP, i.e. multiplying
the Euler vector by r; provides constant rotational velocity,
but we have to deal with sine and cosine which makes
it not practical for a minimal solver. It is, however, more
practical than SLERP since we don’t have to carry around two
quaternions. The minimal solver we present in this paper is
based on a linearization of this model, which makes it easier
to convert between those two and therefore easily initialize
subsequent local optimization.

2
(1 —cosle[]), (5)

X

C. Cayley transform model
Another way to represent rotations is the Cayley trans-

form [11]. For any vector a = [z,y,2] € R? there is a
map
1422 —y? =22 2zy—2z 2y+2xz
R(a)=— 2z42zy  1—ax’4y—22  2yz—2z (6)
2xz—2y 2c4+2yz  1—a?—y?+2°

where K = 1422 +y%+ 2% which produces the rotation matrix
corresponding to the quaternion w + ¢x + jy + kz normalized
so that w = 1. The vector a is a unit vector of the axis of
rotation scaled by tan /2, where 6 is the rotation angle, thus
180 degree rotations are prohibited.

and Madhiitye/FteHigenig/ 10.1109/ TPAMI.2019.2894395

D. R6P formulation with Cayley transform model

We can prescribe (2) such that R is a combination of two
rotations written using Cayley transform as

N |le | = R((Ti — T‘())W)R.(V)Xi +C+ (’I"i — ’I"Q)t 7

to represent the camera initial orientation by v and the change
of orientation during frame capture by (r; — 7o)w. This repre-
sents a rotation around the axis w which is close to uniform
in angular velocity around r; = . Equation (7) is a rational
polynomial and we must multiply it by 1 + 22 + 32 + 22 for
both R(v) and R(w) to get a pure polynomial for the polynomial
solver. We obtain a system of polynomial equations of degree
five in 18 (3+3+3+3+6 for C,v,t,w and A; ... \g respectively)
variables which contains 408 monomials. Such a system is
difficult to solve and the Grobner basis solution for this
system involves eliminating a 8000x8000 matrix, which is
time consuming and numerically very unstable. Due to these
reasons we will not consider this model as feasible for our
purposes.

E. RO6P formulation with linearized model - R6P-1lin

To reduce the degree of the polynomials and the number of
monomials we can use a linearization of rotation matrices. We
will linearize R(w) around the initial rotation R(v) using the
first order Taylor expansion such that

= (T+ (ri = 7o) W) R(V)X; + C + (ri —70)t (8)

where [w]« is the skew-symmetric matrix

0 —Wws3 w2
[W] x = w3 0 —Ww1 (9)
— W2 w1 O

Such model, with the rolling shutter rotation linearized, was
used in [23]. This function will deviate from the reality with
increasing rolling shutter effect. However, we have observed
that this model is usually sufficient for the amount of rolling
shutter rotation present in real situations. It is practical to set
ro as the middle row of the image, so that the error of the
model is spread over the image symmetrically. We now have
a system of degree three polynomials in 18 variables with 64
monomials. In section IV-C we will show how to simplify the
equations and produce a viable polynomial solver.

F. R6P formulation with double linearized model - R6P-2lin

Let us simplify the model even further by linearizing also the
initial rotation. We obtain
L
PYRNS :(I+(T17T0)[W] X )(I+[V] % )XZ‘+C+(T1‘7T0)t
1

(10)

which are simpler polynomial equations of degree two and
28 monomials. The model has an obvious drawback and that
is, unlike w representing the rolling shutter motion and being
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presumably small, v can be arbitrary. Therefore, the model’s
accuracy would depend on the initial orientation of the camera
in the world frame. A possible solution is to force v to be close
to zero and we propose a way how to do this in section V .
In section IV we will show how to simplify equations (10)
to make the computation more efficient and produce a fast
polynomial solver.

IV. R6P FOR RANSAC

In previous section we presented several rolling shutter camera
models and in this section we show how to produce efficient
solvers for the single and double linearized models suitable
for RANSAC environment. To solve the polynomial equations
of the two viable models (10,8) we use the GrObner basis
method [7]. This method for solving systems of polynomial
equations has been recently used to create very fast, efficient
and numerically stable solvers to many difficult problems. The
method is based on polynomial ideal theory and special bases
of the ideals called Grobner bases [7].

A. Preparing the equations

We start with the first part that is similar for both solvers.
The minimal number of 2D-to-3D point correspondences
necessary to solve the absolute pose rolling shutter problem
is six. For six point correspondence, both models (10,8) result
in a quite complex system of 3 x 6 = 18 equations in 18
unknowns (Ap,...,A¢,v,w,C,t). Such a system is not easy
to solve for the Grobner basis method and therefore it has to
be simplified.

To simplify the input system (10,8) we first eliminate the
scalar values \; by multiplying all equations (10,8) from the
left by the skew symmetric matrix

0 -1 C;
1 0 —r (1)
—C; T 0

This leads to 18 equations, from which only 12 are linearly
independent. For the double linearized model (10) they contain
22 monomials and 12 unknowns, i.e., the rotation parameters
w,v and the translation parameters C and t.

For the single linearized model (8) we also need to multiply
the equations by (v?+v3+v3+1) to get rid of the denominator
coming from the cayley parameterization of R(v) (6). We need
to keep in mind that C and t get multiplied as well and we
obtain € = C(v? +v3 +v3 +1) and £ = t(v] +v3 +v3 + 1)
and after solving for C and € we need to use v to obtain C
and t. The equations now contain 86 monomials in w, v, C, €.

The 12 linearly independent equations are linear in the
unknown translation parameters C and t (or C, € for the single
linearized model). Therefore, they can be easily eliminated
from these equations. This can be done either by performing
Gauss-Jordan (G-J) elimination of a matrix representing the
12 linearly independent equations or by expressing the six
translation parameters as functions of the rotation parameters
w and v and substituting these expressions to the remaining
six equations.

and Madhiitye/FteHigenig/ 10.1109/ TPAMI.2019.2894395

After the simplification we obtain a system of six equations
in six unknowns and 16 monomials for the double linearized
model and 80 monomials for the single linearized models. This
system has 20 solutions for the double linearized model and
64 solutions for the single linearized model.

The system of six equations in six unknowns can be directly
solved using the Grobner basis method and the automatic
generator of Grobner basis solvers [20]. The Grobner basis
solver generated using the automatic generator [20] performs
one G-J elimination of the elimination template matrix. This
matrix contains coefficients which arise from specific mea-
surements, i.e., six 2D-to-3D point correspondences. Then the
solutions to the rotation parameters w and v are found from
the eigenvectors of the multiplication matrix created from the
rows of the eliminated template matrix.

Such a Grobner basis solver for the R6P rolling shutter
problem using the double linearized model was proposed
in [3], it requires the G-J elimination of a 196 x 216 matrix and
computing the eigenvectors of a 20 x 20 matrix and it runs
about 1.7ms. For the single linearized model the generated
Grobner basis solver was too large and unstable. In the next
part we will describe how to simplify the problem further to
produce better solvers.

B. R6P-2lin solver for the double linearized model

Here we present a much smaller solver to the R6P-2lin
rolling shutter problem than the one proposed in [3]. First,
note that six equations in six unknowns obtained from (10) by
eliminating the scalar values \; and the translation parameters
C and t are bilinear in the rotation parameters, i.e. they are
linear with respect to w and v. Therefore, we can rewrite these
six equations as

M(w) [‘1’} -0 (12)
where M(w) is a 6 x 4 matrix whose elements are linear
polynomials in w = (w1, wa, ws3).

Since M(w) has a null vector, it must be rank deficient. There-
fore, all the 4 x 4 sub-determinants of M(w) must equal zero.
This results in (g) = 15 polynomial equations which only
involve the rotation parameters w. These fifteen polynomial

equations can be written in a matrix form as

Mm = 0, (13)

where M is a 15 x 35 coefficient matrix and m is a 35 X 1 vector
of monomials in three unknowns wq, wo and ws.

Note, that in this way we have eliminated additional three
unknowns (vy,vs and ws) from our original system (10).
Similar technique for eliminating unknowns from a bilinear
system of polynomial equations was recently used in [34] to
solve a minimal problem of estimating the motion of a multi-
camera rig.

The system of fifteen polynomial equations in three un-
knowns (13) can be solved without the automatic generator
of Grobner basis solvers [20]. In this case, after performing
G-J elimination of a coefficient matrix M we directly obtain
a Grobner basis for the ideal generated by the input fifteen
polynomial equations. Therefore, to construct a special 20 x 20
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multiplication matrix [7] A it is sufficient to perform G-J
elimination of a 15 x 35 coefficient matrix M (13). Then the
solutions to the rotation parameters w are found from the
eigenvectors of the multiplication matrix A extracted from the
eliminated M. Solution to the remaining unknowns (v, C, t) are
found by back-substitution. The R6P-2lin solver constructed
this way in C++ takes about 0.3 ms on a 2.5 GHz i7 CPU.

C. R6P-1lin solver for the single linearized model

For the single linearized model (8) we can use a similar
approach as in the case of the double linearized model to
obtain equations in only three unknowns. With the single lin-
earized model the equations after the simplifications described
in section IV-A are linear with respect to w. This time we can
rewrite these six equations as

M(v) m =0

where M(v) is again a 6 x 4 matrix which elements are now
second degree polynomials in v = (v, v2,v3). Again we have
(Z) = 15 polynomial equations in the rotation parameters v
coming from the 4 x 4 subdeterminants of M(v) that must be
equal to zero. However, since the elements of M(v) are now
quadratic in v this yields equations of degree 8.

These fifteen polynomial equations can again be written in

a matrix form as

(14)

Mm = 0, (15)

where M is a 15 x 165 coefficient matrix and m is a 165 x 1
vector of monomials in three unknowns vy, v9 and vs.

Unfortunately this time we introduced a two-dimensional
family of false solutions when we eliminated w. These solu-
tions correspond to the first three columns of M(v) becom-
ing linearly dependent. Then there will exist vectors in the
nullspace of M(v) on the form,

M(v) {g} =0,

which are not solutions to the original system. Studying these
solutions revealed that they are all complex and satisfy

(16)

1+ v? +v3 +v3 =0. 17

These do not correspond to valid scaled rotation matrices, e.g.
the solution v = (4,0, 0) corresponds to

00 0
R(v)= [0 2 -2 (18)
0 2 2

Fortunately the 15 polynomials were all divisible by (17).
After dividing we have 15 equations of degree 6, which are
only satisfied by the original 64 solutions.

Using the recent automatic generator technique from [21]
we created a minimal solver for this system. The minimal
solver uses an elimination template of size 99 x 163 to recover
the 64 x 64 multiplication matrix Ay, [7]. Solution to v3 can
then be extracted fromthe eigenvalues of A,, and solutions to
v1 and ve from its corresponding eigenvectors. After finding
the solutions in v = [vl Vg ’Ug] the remaining unknowns
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(w,C, t) are found by back-substitution. The R6P-1lin solver
constructed this way in C++ takes about 1.4 ms on a 2.5 GHz
i7 CPU.

D. Pruning the solutions and improving performance

Usually only one of the 20 or 64 solutions of R6P-2lin
and R6P-1lin is geometrically feasible, i.e., is real and of a
reasonable values of parameters. Specifically, if we consider
only reasonable values of the rolling shutter angular velocity w
we can eliminate many solutions that are not feasible. Authors
of [23] used the same linearization for w and showed that
when [|w|| > 0.05 the model loses its accuracy. We decided to
discard solutions with ||w|| > 0.2 which corresponds to angular
velocity of approximately 11 degrees per frame. Solutions
beyond this threshold are not interesting, since they are far
from the linearization point. In our experiments, this criterion
successfully eliminated 90-95% of solutions to be verified by
RANSAC, which sped up the process significantly by avoiding
lots of work in model verification.

For the R6P-1lin a significant portion of the computation
time is spent computing the eigendecomposition of the 64x64
multiplication matrix A,,. The multiplication matrix A,, is
constructed in such way, that the eigenvalues are the solutions
for the variable vs. To avoid expensive eigendecomposition of
A,, we can form the characteristic polynomial of the matrix
A,, — A1, e.g. by the Danilevsky method [8] and then find
its roots using the Sturm sequences [16]. The roots of the
characteristic polynomial will correspond to the eigenvalues
of A,,. This method of speeding up the computation was
described in [5].

Note that the above method only gives us the values of the
third Cayley parameter vs for the real solutions. To recover
the full solutions we compute the eigenvectors corresponding
to these eigenvalues (i.e. the values of v3). This can be done
by for each solution solving the 64 x 64 linear system,

(Ay, — v3T)x = 0. (19)

The values for the remaining parameters v; and vs can then be
extracted from x which has the following form (up to scale),

7 3,3 2, 4

64
x = [vs, V3V, VIVs, ..., U1, V3, V3, 1] € R (20)

However, since we already know the value of v3 and we know
the structure of eigenvector x, we can use this to slightly speed
up the back-substitutions. Inserting the values for vs into x,
instead yields a 21 x 21 linear system in the unknowns

- 5 4 3,2 2 21
% = v}, vive, VIV, ..., V3, v1, v2, 1] ER. (21)

The resulting linear system is smaller since some monomials
collapse, e.g. the monomials v3v3, v?v3 and v} end up only
yielding the single unknown v in the new linear system.

V. R6P-2LIN - GETTING CLOSE TO THE LINEARIZATION
POINT

As mentioned in section III, the double linearized model will
only be a good approximation when close to the linearization
point. That is the case when R(v) is close to I. We can enforce
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this condition if we have an approximation R, to R(v). Then
we can transform the 3D points as
X; =RyX; (22)

and replace X; in (10) by X;. Such solution R; should then
be close to I and we can obtain R(v) as RjR,. To get such
approximation we can use for example an inertial sensor which
is often present in cellphones, cameras or on-board a robot or
UAV. However, we don’t want to limit ourselves to having
additional sensor information so we propose to obtain R,
using a standard P3P algorithm [10]. We will show in the
experiments to which limits this approach works and that it
can indeed provide a sufficient approximation for our solver
to work well.

Notice that this approach requires only an approximation to
camera orientation not the camera position.

VI. R6P-1LIN - STAYING IN THE DOMAIN

Since Cayley parameterization is not able to describe cam-
eras rotated by 180 degrees, this poses a singular case for
the R6P-1lin solver. In practice, the accuracy of the solutions
returned by the solver will decrease when close to 180 degrees
rotations. In general, not many dataset will contain such
camera poses, but there is a general method to minimize the
probability of the algorithm failing due to the presence of
a singular case. Similar to section V we can pre-rotate the
3D points X; ¢ = 1,...,6 as in (22), but this time we use
a random rotation matrix R,. Using this approach we assure
that the probability of being close to the singular case will be
as low as possible and identical for all datasets. Moreover,
when used in RANSAC, we can pre-rotate with different
matrix R, in each round, making the probability that we will
encounter only singular cases for a given camera virtually zero.
This approach was used in the DLS absolute pose solutions
presented by [15], [25].

VII. EXPERIMENTS

We conducted several experiments on synthetic as well as real
datasets. The synthetic experiments were aimed at analyzing
the properties of the double and single linearized rolling
shutter camera models, which brings an interesting insight on
how the solvers will behave under different conditions. On the
real datasets, in the absence of ground truth, we focused on
the number of matches classified as inliers using RANSAC.
This corresponds to a typical application of absolute pose
algorithm, where we want our model to be able to fit as
many matches as possible while avoiding the mismatches. We
compared our R6P solvers only to P3P solver [10], since to the
best of our knowledge it is the only alternative with the same
applicability. It is important to note that [12] can be used only
on video sequences, [2] requires 9 co-planar points and [23]
uses global optimization which is sensitive to mismatches and
due to speed of Gloptipoly (in the orders of seconds) too slow
for the RANSAC paradigm.

and Madhiitye/FteHigenig/ 10.1109/ TPAMI.2019.2894395

A. Synthetic data

In the synthetic datasets, a calibrated camera was considered
with field of view of 45 degrees. It was randomly placed in a
distance of (1;3.3) from the origin, observing a group of 3D
points randomly placed in a cube with side length 2 centered
around the origin. Camera initial orientation was different
based on the type of experiment. The rolling shutter movement
was simulated using the angle axis parameterization, because
using the double linearized model or the single linearized
model for generating data would allow R6P-2lin or R6P-
1lin respectively to always find the exact solution. Although
it would be interesting to simulate different kind of camera
motions, it is generally agreed that camera motion during tens
of miliseconds can be mostly treated as constant velocity mo-
tion [24], [23], [29], [12]. Therefore we generated the synthetic
image projections using constant velocity camera motion to
analyze the expected behavior of the solvers and verified the
solvers later on real datasets with arbitrary camera motions.
Six points were randomly chosen from the projections to solve
for the camera parameters. Since R6P-2lin and R6P-1lin can
return up to 20 and 64 real solutions respectively, the one
closest to the ground truth was always chosen, as it would be
probably chosen in the RANSAC estimation.

1) Handling the RS effect: The first experiment focused on
varying the two rolling shutter parameters, i.e. the translational
and angular velocity. The camera orientation is kept R = I so
we avoid the effect of the initial camera orientation lineariza-
tion for R6P-2lin. We varied the angular velocity from 0 to 30
degrees per frame. Angular velocity 30 deg/frame means that
the camera moved by 30 degrees between acquiring the first
and the last row. The translational velocity was varied from O
to 1 which is approximately 50% of the average distance of
the camera center from the 3D points. The results are shown
in Fig. 2. As expected, because the model does not exactly
fit the data (as will be the case in real data), with increasing
rolling shutter effect the performance of the solver decreases.
However, the results are very promising since even at higher
angular velocities the solver still delivers fairly precise results.
At 28 deg/frame the mean orientation error is still below half a
degree and the position error is less than half a percent. When
varying the translation velocity only, we found the solver to
be giving exact results up to the numerical precision, which
was expected, since the model fits exactly the data.

2) Effect of the double linearization in R6P-2lin: The
second experiment was focused on finding out how well
R6P-2lin behaves around its linearization point, i.e. when
R # I. Rolling shutter parameters were uniformly chosen
from values (0;20) deg/frame for the angular velocity and
(0;0.2) for the translational velocity, which is approximately
ten percent of the average distance of camera center from the
3D points. Camera orientation was varied in the interval of
(0; 30) degrees. Results are in Fig. 3 and they show that R6P-
2lin is very prone to error when being far from its linearization
point, with the mean camera orientation error going up to five
degrees and mean relative camera center error approaching
0.3 when the camera is rotated 30 degrees away from the
linearization point. C and R are computed quite accurately,
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Fig. 2: Experiment 1 - results of the estimated camera pose and
velocity for varying RS motion, increasing the camera rotation as
well as camera translation velocity. The camera orientation for R6P-
2lin is kept at R = I to avoid the effect of the linearized camera
orientation.
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Fig. 3: Experiment 2 - varying camera orientation, showing the
effect of the double linearization of R6P-2lin. The camera angular
and translational velocities are randomly chosen to not exceed 20
deg/frame and 0.2 respectively.

when R is within approximately 6 degrees from I. It suggests
that if we can use some standard non-RS method, such as
P3P to find an initial Ry to align the data, we can then apply
our solver to get a more accurate camera pose. We tested
this approach in experiment 3. R6P-1lin is not affected by the
camera orientation as expected.

Results in Fig. 3 hint that the linearization is the key issue
for R6P-2lin solver and that around 7 degrees of distance from
R = T our solver is surpassed in precision of estimating the
camera center and at 14 to 17 degrees in the precision of
estimating camera orientation. Note the interesting discrepancy
between the error in camera position and orientation. An
interesting thing to notice from these two experiments is that
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Fig. 4: Experiment 3 - increasing camera motion and comparing the
single linearized model (R6P-1lin) to the double linearized model
(R6P-1in2) initialized by P3P. A significant improvement is made
using R6P-2lin after being initialized with P3P. R6P-2lin initialized
by P3P provides comparable performance to R6P-1lin but is outper-
formed by R6P-1lin on large RS effects because the initial orientation
provided by P3P is not good enough.

the global P3P solver was capable of bringing the camera
orientation within six degrees of the ground truth, even under
large RS effect. At that point, if we apply R6P-2lin solver,
the precision should improve significantly to values below 0.5
deg.

3) Initialization of R6P-2lin by P3P: The purpose of exper-
iment 3 is to verify that P3P can provide sufficient initialization
for R6P-2lin. The camera orientation was chosen randomly
and the RS parameters were increasing as in experiment 1.
We compared P3P, R6P-1lin and R6P-2lin initialized by P3P
by using the orientation provided by P3P to rotate the scene
as described in section V. The results in Fig. 4 confirm our
hypothesis. If the global P3P, or any other method, is able
to compute the camera orientation within 6 degree error then
R6P-2lin improves the solution to an average error below one
degree. Interesting observation is that unlike in experiment
2 here the precision is significantly better for both camera
center and orientation. It should also be noted, that R6P-1lin
outperforms R6P-2lin as the RS effect increases, due to the
deteriorating initialization provided by P3P.

B. Real data

We show two real world examples where our R6P solvers
provide benefits. The first experiment is focused on estimating
the camera absolute pose in the wild where the pose needs to
be computed from image features possibly containing outliers.
In a typical Structure from Motion application, the more 3D-
2D matches are verified as inliers by the geometric camera
model, the more 3D points will be reconstructed and the model
better interconnected.

The second experiment shows an augmented reality scenario
where known markers are placed in 3D space and they are
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detected automatically in the image. As camera absolute pose
is computed using these markers, virtual objects can be placed
into the scene. This represents a situation with a lot of camera
movement and the need for a quick solver to run in real-time.

C. Structure from motion

In the first experiment we use datasets from [13] where an
Iphone 4 camera was placed together with a global shutter
Canon camera on a rig. Videos were taken when moving this
rig by hand or walking around. We therefore have for each
dataset two sets of images of the same scene. One set is with
rolling shutter effect and one with global shutter.

1) Obtaining 2D-3D correspondences: To see the behavior
of our method on real data, we needed to obtain 3D to 2D
correspondences for the rolling shutter images. We decided to
do a reconstruction using a standard SfM pipeline [32] using
the global shutter images first. Then, we matched the rolling
shutter images with the global shutter matches that had a cor-
responding 3D point in the global shutter 3D model. That way
we obtained the correspondences between 2D rolling shutter
features and 3D global shutter points. It was verified visually
that this approach provided 2D-3D correspondences with a
very small number of mismatches, i.e. 2D correspondences
being matched to wrong 3D points. This is probably due to
the fact, that all 3D points have already gone through an SfM
pipeline and only good 3D points which were successfully
matched in several cameras remained. Still, some mismatches
were present, but according to our experiments, this number
was not higher than 10%.

2) Evaluation: To evaluate our method, we measured the
number of inliers, i.e. the 2D-3D correspondences in agree-
ment with the model, after performing RANSAC. This is an
important measure, since a common use of PnP is to calculate
the camera pose and tentative 3D points for triangulation. The
more points will be classified as inliers the more points will
appear in the reconstruction and will support further cameras.

We first applied P3P to obtain R, in equation (22), trans-
formed the 3D points and then used our R6P-2lin solver
as described in section V. Since our data contained only
few mismatches, 1000 iterations of RANSAC proved to be
enough to obtain a good camera pose. To reduce randomness
of RANSAC results, we averaged the numbers over 100
successive RANSAC runs. The inlier threshold in RANSAC
was set to 0.002 of the image diagonal length which in this
case was approximately 2 pixels. As it is seen in Fig. 5, R6P-
2lin is able to classify more points as inliers compared to P3P.
The difference is significant especially when camera moves
rapidly and/or the scene is close to the camera. This result
confirms our expectation that as the camera movement during
the capture becomes larger the need for a rolling shutter model
is more significant. Datasets seq20 and seq22 contained more
camera motion and therefore show a larger gap between results
of P3P and R6P-2lin.

A good example is in dataset seq20, where the camera is
fairly still in the beginning, then undergoes a rapid change
in orientation (going upwards following the trunk of a palm
tree), stops and then goes down again. The number of inliers

seql seq20
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— GSiinliers
RS inliers
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— GSiinliers
RS inliers

2000 2000

num matches
num matches
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Fig. 5: Examples of experiments on real data. Number of inliers after
running 1000 rounds of RANSAC, averaged over 100 RANSAC runs.
Number of 2D-3D matches from global shutter images to rolling
shutter images are in black, number of inliers obtained by P3P are
in red and number of inliers obtained by R6P-2lin are in green. The
results are averaged over 100 runs to reduce randomness.

returned by R6P-2lin and P3P when the camera is still is
comparable, although higher for R6P-2lin since there are some
RS distortions caused by handshake. As soon as the camera
starts moving, the number of inliers for P3P drops drastically,
sometimes even below 10% of the number of matches. R6P-
2lin, in contrast, manages to keep the number of inliers above
90% of the number of matches. That is a huge difference.
Important observation is, that even though P3P fails to clas-
sify more than 80% of the matches as inliers it still provides a
sufficient estimate of the camera orientation for the R6P-2lin
to produce much better result. A detailed visualization of one
of the results on seq20 is given in Fig. 6. We don’t visualize
the results of R6P-1lin because they were close to those of
R6P-2lin and the detailed results can be found in table I.

3) Very fast motion: In previous experiments we evaluated
the number of inliers as an indicator how well each solver
performs. In this experiment we aim at showing the practical
impact of using a perspective camera model on heavily dis-
torted RS images and the improvement we can obtain by using
R6P solvers.

We tested our solvers on heavily distorted RS images
caused by fast camera motion that can arise in practice. A
racing drone, carrying a GoPro camera and performing quick
maneuvers is a good example of such data. We reconstructed
the model of a building from approximately a hundred of still
images from a classic digital camera combined with several
images from the GoPro camera mounted on a drone which
contained heavy RS distortion. This is a typical scenario where
user has a number of images from which certain amount
contains distortions caused by RS and fast movement.

We used a high quality state of the art SfM pipeline
COLMAP [31] to reconstruct the scene, removing the radial
distortion first. The building was reconstructed well, due to
large amount of image data coming from the still images.
Even though there were too few highly distorted RS images to
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R6P-2lin
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Fig. 6: Results on dataset seq20, matched correspondences are in blue, inliers after RANSAC using P3P and R6P-2lin are in red and green
respectively. The actual numbers of inliers are displayed on side of each image pair.

0162-8828 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authoriged licansedyaelimitad ienE T BIRLIGTRES ZHRIGHE: RevilRades ead¥areh 03:8020ab3i47:28 e TG e EFRSplatRssRawrictions apply.



This article has been accepted forFhiblisahienuthafutvresissuefodithistjolerthult hus hesmptibtishddlin edisgducioalt € anggscivangerpdertootfisalgrsiokichtiche Githtismeinfoion ati pubEtion 109/TPAMI.2019.2894395, IEEE

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

e m.
tifores ondRa

The final s

A Aohon htc i

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

Fig. 7: 3D reconstruction of a building from large number of GS
images (blue camera poses) and several images containing high
level of RS distortion (red camera poses). Several RS cameras were
clearly reconstructed wrong, having the pose under ground. The poses
estimated using R6P-2lin (green) are much more realistic.

skew the model, the cameras coming from the RS images were
reconstructed in clearly bad poses (red cameras in Figure 7).
You can see that several RS images were reconstructed under
ground.

We then created a new model using only the still images
and registered the RS distorted images from GoPro camera
to this model using method described in section VII-C1. The
poses estimated using R6P-2lin (green cameras in Figure 7)
roughly correspond to the poses where images were taken.

D. R6P and local optimization

An interesting question is whether one should use one of
the two proposed R6P solvers or to locally optimize using one
of the available Rolling-Shutter models starting from a P3P
initialization. A popular approach called LO-RANSAC [6]
uses the local optimization step after each accepted hypothesis
in RANSAC. A camera model obtained by any method can
be locally optimized using the points classified as inliers
again using Bundle Adjustment (BA). We compared several
meaningful approaches that represent possible practical use of
the R6P algorithms and alternatives using local optimization.
The key steps are following:

o P3P/R6P-2lin/R6P-1lin - RANSAC loop the correspond-

ing solver

e LO-P - Local optimization inside RANSAC loop, fol-

lowed by BA. Perspective model.

e LO-RS - Local optimization inside RANSAC loop, fol-

lowed by BA. RS model.

We used LO-RANSAC and BA either with perspective or
RS camera model with true rotation model from section III-B.
The local optimization step was implemented using Google
Ceres [1].

We tested many possible practical combinations of algo-
rithms and the results are shown in table I in terms of minimal
and average number of inliers over the entire sequences.
Methods in the first, fourth and fifth column represent the most

and Madhiitye/FteHigenig/ 10.1109/ TPAMI.2019.2894395
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straightforward use of the P3P and R6P solvers respectively
with no local optimization. Method in the second column rep-
resents the best result that can be obtained using a perspective
camera model, utilizing LO-P. Third column represent the case
when we avoid using R6P solvers, but locally optimize using
a RS model. Approaches in the sixth trough eighth column
use R6P solvers with LO-RS, therefore utilizing everything
available to achieve the best results.

We observe again that R6P greatly outperforms P3P in
terms of inliers found. P3P with LO-RANSAC and BA using
perspective camera model does not improve over P3P itself,
signalizing that RS model is certainly needed for this type of
data. A significant improvement is made when using P3P and
optimizing with RS camera model. Still, it does not achieve
the performance of R6P solvers without LO. On most of the
datasets, ROP itself provides higher number of inliers as you
can see in Fig. 8. It is mostly apparent in the minimum number
of inliers, which indicates critical cases when the camera
movement is large. This can be explained by the P3P not
being able to identify a large enough set of inliers, that would
provide a good set to optimize the RS model on.

There is a measurable difference between P3P + R6P-2lin
and R6P-1lin in the favor of the latter, signalizing that P3P
as an initialization of R6P-2lin can hinder the performance of
the RS solver in situations where the RS effect is large and
that R6P-1lin overcomes this problem.

Performance of R6P can be further improved by apply-
ing local optimization with RS model. Using R6P solvers
with subsequent local optimization with the true RS rotation
model III-B provides the best performance across all datasets.

E. RANSAC threshold vs inliers

In this section we compare the number of inliers obtained by
P3P and R6P-1lin with various RANSAC thresholds. As seen
in the previous section on the real datasets P3P struggles to
identify large portion of inliers on images with RS distortions
compared to R6P-1lin with the same threshold. One could
argue that increasing the threshold would allow P3P to capture
more inliers, perhaps the same amount as in the case of R6P-
1lin. To analyze this, we observed the number of inliers in
each iteration of RANSAC under various thresholds. We chose
dataset seq20 as a representative and average the results over
100 runs of RANSAC. The results in figure 9 show that in
order to obtain the same percentage of inliers the threshold
for P3P would have to be raised to 20 pixels, which is a
significant increase compared to 2 pixels for R6P-1lin. Such
large threshold could potentially lead to contamination by
outliers.

F. Performance

To provide an idea about the performance of the proposed
solvers in comparison to their alternatives we measured the
time required by the sub-tasks in the RANSAC routine for
each of the methods used in section VII-C. These sub-tasks
include computing the camera pose, verifying the hypothe-
ses and performing local optimization. Whereas computing
the camera pose will always take approximately the same
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Fig. 8: Comparison of the minimal and average ratio of inliers provided by R6P-2lin versus P3P with local optimization using RS model.

Notice that R6P alone without local optimization is better on most datasets. In 28 datasets R6P-2lin provided higher minimal inlier ratio
and in 25 dataset better average inilier ratio. In the remaining datasets, the R6P-2lin and locally optimized P3P provided almost identical
results. The results correspond to columns 3 and 4 in table I.

P3P
P3P LO-RS
P3p P3p P3P R6P-2lin R6P-2lin R6P-1lin
P3P LO-P LO-RS R6P-2lin R6P-1lin LO-RS LO-RS LO-RS

min avg min  avg min avg min  avg min avg min  avg min avg min  avg
seq01 | 0.53 0.77 | 048 076 | 0.70 091 | 0.72 092 | 0.72 091 | 0.77 094 | 0.76 094 | 0.77 0.94
seq02 | 0.34 0.71 | 0.34 060 0.88 | 0.60 088 | 0.64 090 | 0.64 0.90 | 0.64 0.90
seq03 | 0.39 0.76 | 0.40 072 0.89 | 0.73 089 | 0.75 092 | 0.76 0.92 | 0.75 0.92
seq04 | 0.54 0.76 | 0.56 0.65 088 | 067 0.88 | 073 092 | 0.73 092 | 0.73 0.92
seq05 | 0.37 0.82 | 0.38 083 094 | 0.83 095 | 086 097 | 0.86 096 | 0.86 0.97
seq06 | 046 0.81 | 0.48 0.66 0.89 | 0.68 090 | 075 094 | 0.78 095 | 0.75 0.94
seq07 | 044 0.69 | 0.44 072 0.89 | 0.70 0.89 | 0.76 0.92 | 0.76 0.92 | 0.76 0.92
seq08 | 0.32 0.62 | 0.28 0.78 0.78 | 0.50 0.80 | 0.50 0.81 | 0.50 0.80
seq09 | 0.28 042 | 0.29 070 0.80 | 0.71 0.80 | 0.78 0.84 | 0.78 0.84 | 0.78 0.84
seqlO0 | 047 0.69 | 048 0.66 0.89 | 0.67 0.89 | 0.70 091 | 0.70 091 | 0.70 0.91
seqll | 0.57 0.64 | 0.58 078 0.81 | 0.81 082 | 081 085 | 0.83 0.85 | 0.81 0.85
seql2 | 027 0.57 | 0.28 059 0.80 | 0.60 0.80 | 0.63 0.83 | 0.62 0.83 | 0.63 0.83
seql3 | 041 0.74 | 042 . ! L 0.60 091 | 0.63 092 | 0.65 093 | 0.65 093 | 0.65 0.93
seql4 | 0.55 0.84 | 056 084 | 073 090 | 0.77 0.89 | 0.75 089 | 079 091 | 0.78 091 | 0.79 0.91
seql5 | 046 0.68 | 046 0.68 0.84 | 0.64 087 | 0.62 087 | 0.65 089 | 0.65 090 | 0.65 0.89
seql6 | 0.50 0.69 | 052 0.70 | 0.65 0.83 | 068 0.85 | 0.70 085 | 073 0.88 | 0.74 0.88 | 0.73  0.88
seql7 | 0.65 0.78 | 0.66 080 | 0.75 096 | 0.74 095 | 0.76 095 | 0.78 096 | 0.79 0.96 | 0.78 0.96
seql8 | 0.53 0.74 | 055 0.75 | 0.66 090 | 0.74 092 | 0.75 092 | 0.80 094 | 0.79 0.94 | 0.80 0.94
seql9 | 048 0.63 | 049 064 | 053 0.68 | 0.51 0.66 | 0.53 0.67 | 057 0.71 | 0.57 0.71 | 0.57 0.71
seq20 | 0.20 0.55 | 0.21  0.56 0.89 090 | 0.82 093 | 0.83 093 | 0.82 0.93
seq2l | 031 059 | 032  0.60 090 | 063 090 | 0.67 092 | 067 092 | 0.67 0.92
seq22 | 048 0.81 | 048 0.82 095 | 081 095 | 0.88 097 | 0.88 097 | 0.88 0.97
seq23 | 0.37 0.73 | 038 0.74 087 | 059 0.88 | 0.62 090 | 0.63 090 | 0.62 0.90
seq24 | 0.34 0.78 | 036 0.79 096 | 092 096 | 095 098 | 095 098 | 095 098
seq25 | 047 0.74 | 048 0.75 089 | 077 090 | 0.82 092 | 0.82 092 | 0.82 0.92
seq26 | 0.21 058 | 0.22  0.59 091 | 074 091 | 0.78 093 | 0.79 093 | 0.78 0.93
seq27 | 0.26 0.61 | 0.26 0.61 0.95 095 | 085 096 | 085 0.96 | 0.85 0.96
seq28 | 024 0.56 | 027 0.57 0.89 089 | 077 091 | 0.77 091 | 0.77 091
seq29 | 0.37 0.67 | 0.38 0.67 0.85 085 | 0.64 088 | 062 0.88 | 0.64 0.88
seq30 | 020 049 | 021 0.50 0.85 085 | 0.66 088 | 0.66 0.88 | 0.66 0.88
seq3l | 041 050 | 042 051 0.63 0.63 | 060 0.67 | 058 0.67 | 0.60 0.67
seq33 | 0.29 0.68 | 0.30 0.69 0.87 0.87 | 0.66 0.89 | 0.66 089 | 0.66 0.89
seq34 | 032 0.79 | 033 0.80 0.96 096 | 089 097 | 0.89 097 | 0.89 0.97
seq35 | 0.34 0.72 | 035 0.73 0.89 089 | 059 091 | 058 091 | 0.59 091
seq36 | 040 0.75 | 040 0.76 0.89 0.89 | 0.58 091 | 0.60 091 | 0.58 091

TABLE I: Comparison of different uses of P3P and R6P solvers. Table shows the minimum and average number of inliers found by the
approaches described in section VII-D. R6P itself provides most of the time significantly better results than running P3P and LO-RANSAC
and BA with RS model as visualized by the red and green colors in columns 3,4 and 5. The best results overall, marked by a bold font, are
provided by R6P and subsequent local optimization with RS model.
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Fig. 9: Average number of inliers found by P3P and R6P RANSAC
using different thresholds.

P3P | P-ver
0.5 280

R6P-2lin
300

R6P-1lin
1400

RS-ver
800

LO-P
9000

LO-RS
17000

TABLE II: Average timings (in microseconds) for different camera
pose estimation tasks. 1000 correspondences assumed for the verifi-
cation. The verification step also includes the average number of 2
hypotheses returned for both P3P and subsequent R6P-2lin or R6P-
1lin which makes a total amount of 2000 correspondences to be
verified.

time, verification and local optimization will require different
amount of time depending on the number of correspondences.
The timings we show for verification and local optimization
are for 1000 3D-2D correspondences which we chose as a
reasonable representative case.

The timings in table II show that, while P3P is very fast
compared to R6P, the verification is actually much more ex-
pensive than running P3P. The local optimimzation step is even
more expensive, an order of magnitude slower than running
R6P-2lin. Depending on the application, these numbers will
add to the total computation time which will depend on the
algorithms used, number of RANSAC iterations, number of
correspondences and number of local optimization steps. To
give a better intuition about the total time complexity we
provide a table III of run-times of the different methods from
section VII-C based on the assumption that there are 1000
correspondences in the image, 1000 RANSAC steps and that
local optimization is used 10 times during the LO-RANSAC
procedure.

G. Augmented reality

We used the Aruco markers in a regular grid to provide an
environment with known 3D-2D correspondences. A camera
was used to take video of the scene, with random movement,
simulating a person looking around. In total around 300
markers were present in the scene with approximately 120
markers detected in each image on average. On each frame we
ran a 20 rounds of RANSAC ensuring at least 30Hz for the
absolute pose estimation by R6P-11lin and providing robustness
to approximately 20% outlier contamination and we calculated
the reprojection errors for the detected markers.

As soon as the camera started moving, the estimate provided
by P3P started to be visually inaccurate. R6P provided a much
more stable reprojection of the virtual objects. The farther the
virtual object was from the detected markers from which the

and Madhiitye/FdteHigenig/ 10.1109/ TPAMI.2019.2894395
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Method Pose Verif. LO Verif. Total
P3P 0.5ms 280ms 280.5ms
P3P

LO-P 0.5ms 280ms 90ms 1.4ms 373.3ms
P3P

LO-RS 0.5ms 280ms 170ms 4ms 454.5ms
P3P

RO6P-2lin | 300.5ms 1080ms 1380.5ms
P3P

R6P-2lin

LO-RS 300.5ms 1080ms | 170ms 4ms 1527.5ms
P3P

LO-RS

R6P-2lin

LO-RS 300.5ms 1080ms | 260ms | 5.4ms 1645.9ms

R6P-1lin 1400ms 800ms 2200ms

R6P-1lin

LO-RS 1400 800ms 170ms 4ms 2374ms

TABLE III: Average timings for different methods assuming 1000
rounds of RANSAC and 1000 correspondences per image. The
amount of time spent by verification already includes the average
number of hypotheses returned by the solvers.

3000 ‘
P3P
2500 —©—R6P-1lin | |
—%— R6P-2lin
P3P+LO | |
@ 2000 —>*—R6P+LO
S
8 1500 1
B
o
1000 ,
500 A
%3

0 5 10 15 20 25 30 35 40 45 50
Reprojection error in pixels

Fig. 10: Reprojection errors on the detected aruco markers using the
camera poses obtained by P3P, R6P-lin2, R6P-linl and P3P with
subsequent local optimization (Bundle adjustment).

Fig. 11: Placing virtual objects in the scene using absolute camera
pose calculated from P3P (red), R6P (green) or P3P with subsequent
local optimization (magenta). Two subsequent frames from a video
sequence are dislplayed, showing the effect that RS camera motion
has on the classic P3P algorithm. In the closeups you can see how
the cube projected using P3P deviates (right) from its original pose
(left) when the motion starts.
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pose was computed, the more significant was the error of P3P.
For an example of this effect, see figure 11.

To express this quantitatively. We calculated the reprojection
error on the detected markers in each image. The results in
figure 10 show that the pose computed by R6P provides overall
much smaller reprojection errors. R6P provides almost as good
performance as a P3P with subsequent local optimization.

VIII. CONCLUSION

In this paper, we addressed the problem of absolute pose for
cameras with rolling shutter. We presented several different
models which capture camera translation and rotation during
frame capture. Two of them were found to be feasible to be
used in an efficient polynomial solver. Using these solvers,
camera position, orientation, translational velocity and angular
velocity can be computed using six 2D-to-3D correspon-
dences. The R6P-1lin solver, based on Cayley parametereiza-
tion of the camera orientation is a first self-sufficient minimal
solution to the rolling shutter camera absolute pose problem.
The R6P-2lin solver is faster, but uses a linear approximation
to the camera orientation and therefore requires an initial guess
of the camera orientation. We showed on synthetic as well as
real datasets that standard P3P algorithm is able to provide
this initialization. Further, having an initial guess on camera
orientation, such as from an inertial measurement unit present
in cellphones or UAV’s, one could use the faster R6P-2lin
solver directly. Both of the presented solvers improve on the
precision of the camera absolute pose estimate when rolling
shutter effect is present in the images, delivering average
camera orientation error under half a degree (compared to
six degrees for P3P) and relative camera position error under
2% (compared to 6% for P3P) even for large rolling shutter
distortions in our synthetic experiments. The solvers were
verified to work on real data, delivering increased number of
inliers when using R6P over P3P in RANSAC. We evaluated
the effects of non-linear refinement with both linearized and
non-linearized rolling shutter rotation models and have shown
that R6P provides higher number of inliers than P3P with
subsequent non-linear refinement in most cases.
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