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Abstract

We propose a novel approach for estimating the relative
pose between rolling shutter cameras using the intersec-
tions of line projections with a single scanline per im-
age. This allows pose estimation without explicitly model-
ing camera motion. Alternatively, scanlines can be selected
within a single image, enabling single-view relative pose
estimation for scanlines of rolling shutter cameras. Our
approach is designed as a foundational building block for
rolling shutter structure-from-motion (SfM), where no mo-
tion model is required, and each scanline’s pose can be
computed independently. We classify minimal solvers for
this problem in both generic and specialized settings, in-
cluding cases with parallel lines and known gravity direc-
tion, assuming known intrinsics and no lens distortion. Fur-
thermore, we develop minimal solvers for the parallel-lines
scenario, both with and without gravity priors, by leverag-
ing connections between this problem and the estimation
of 2D structure from 1D cameras. Experiments on rolling
shutter images from the Fastec dataset demonstrate the fea-
sibility of our approach for initializing rolling shutter SfM,
highlighting its potential for further development. The code
will be made publicly available.

1. Introduction

Relative pose estimation is a fundamental problem in
computer vision with applications in Structure from Mo-
tion [61], SLAM, multi-view stereo, and visual odome-
try. This paper focuses on estimating relative pose between
rolling shutter (RS) cameras.

Rolling shutter cameras capture images row by row. If
the camera is static during capture, the resulting image is
equivalent to that of a pinhole camera. However, if the cam-
era moves, the rolling shutter effect distorts the image, mak-
ing standard pinhole-based methods [48] unreliable.

A common approach to handle rolling shutter distor-
tion is modeling camera motion with parametric models
such as SLERP [64], Cayley transformation [25], linearized
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Figure 1. We estimate a relative pose from the intersections of
the line projections with a single scanline per image (green). This
allows us to estimate relative pose between rolling shutter cameras
without modelling the camera motion.

rotation [4], affine motion [67], pushbroom [46], accel-
erated motion [19], or order-one motion [24]. This has
been successfully applied to absolute pose estimation [2—
6,9, 32, 33, 36, 44, 45, 59], bundle adjustment [27, 41, 42,
47, 60, 62, 71, 74], SIM [26, 31, 58], and motion rectifica-
tion from single cameras [35, 51, 52, 56, 72, 77], camera
rigs [1, 7, 20, 63], and videos [14, 19, 21, 23, 30, 53, 54, 57,
67, 68, 75].

While most methods use point-based features, some em-

ploy lines for absolute pose estimation [3], bundle adjust-
ment [74], and motion rectification [35, 51, 52, 56].

The problem of estimating relative pose for rolling shut-
ter cameras has been explored in prior work. Special essen-
tial matrices for RS cameras under different motion mod-
els were introduced in [15], along with linear non-minimal
solvers. The problem was also solved for pure translation
models with constant velocity and acceleration [76]. IMU-
based approaches reduced the required number of point cor-
respondences from 11 to 5 [38, 39]. Other methods first
estimate pose using a global shutter solver before refining
with an RS model [37]. Additional works estimate relative
pose for RS camera rigs [70] and for planar scenes [34].
Recently, [24] classified RS relative pose minimal problems



under the order-one motion model. Despite this, the general
RS relative pose problem remains unsolved.

One drawback of parametric motion models is their re-
liance on an assumed motion that may not match real-
world trajectories. An alternative is estimating pose inde-
pendently for each scanline, similar to line-camera calibra-
tion [28, 40, 66, 69, 73]. This approach has been used for
tracking a single camera [10, 11] and a camera rig [16] with
respect to a predefined marker.

We explore the feasibility of estimating relative pose be-
tween scanlines of RS cameras, without explicit motion
modelling. The goal is to use this method as a build-
ing block to initialize rolling-shutter StM where no motion
model is required and each scanline can have its pose in-
dependently computed. To the best of our knowledge, this
is the first work that enables this. After the initialization,
scanlines from remaining images may be registered by solv-
ing the generalized relative pose problem [65], similarly to
[10, 11, 16], or, in the case of a planar scene, using [9]. Our
contributions include:

* Formulation of the problem of relative pose estimation
from line projections in a single scanline per image, as-
suming known intrinsics and no lens distortion.
Enumeration of minimal problems for general and spe-
cialized settings with parallel lines and gravity priors.
Demonstration that the problems with parallel lines and
with vertical lines and gravity prior correspond to es-
timating relative pose of uncalibrated cameras [55], re-
specively calibrated [8] 1D camera pose.

Development of minimal solvers for the following cases:
— 3 cameras, 7 parallel lines (with projective ambiguity).
— 3 cameras, gravity prior, 7 parallel lines.

— 3 cameras, gravity prior, 5 vertical lines.

— 4 cameras, gravity prior, 4 vertical lines.

Evaluation of solvers on synthetic and real RS datasets
(Fastec, [43]), taking scanlines either from different im-
ages or from a single image.

1.1. Notation

We use bold letters for matrices and vectors, and normal
font for scalars. Indexing starts from one, with indices in
brackets; e.g., the first element of L is Ld(1)~ Matrix in-
dexing follows Matlab style, where A . 1.2 selects the first
two rows of A. The scanlines are denoted with a scalar
y € R giving their y-coordinate. The set of all 3D lines is
denoted as Gr(1,3).

2. Problem Formulation

This section describes the geometry of a line projected into
a rolling-shutter camera and derives an algebraic constraint
useful for estimating camera poses.

Consider n rolling-shutter cameras capturing the same
3D scene. Due to motion. the cameras capture different
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Figure 2. Illustration of the line projection. Line L projects onto
scanline y at point p. Then, the ray r obtained by backprojecting
p intersects L, yielding the constraint (3).

rows at different poses. Let R;(y) € SO(3) and C;(y) €
R3 denote the orientation and center of camera i at row y.

We aim to estimate the relative pose between the cam-
eras without explicitly modeling their motion functions. To
achieve this, we select a single row y; per camera and mea-
sure intersections between these selected rows and the pro-
jections of m straight lines L; € Gr(1,3). Then, we
use this information to recover the camera poses R,;(y;),
C,(y;). Figure 1 illustrates the setup.

Let p;; € P2, with p; ; = [x;; y; 1]7, denote the pro-
jection of line L; onto row y; of camera 4. Then, the back-
projected ray r; ; from p; ; intersects line L, giving:

rij = Ci(yi) + XijRi(yi) Py, Ay €R. (1)
This situation is depicted in Fig. 2. Let us represent L; with
apair (Lg ;, Lg ;), where Ly ; is a point on the line and L ;
is its direction. The ray r; ; intersects L; if and only if:

E'Oé, 5 eR: Cz(yz) + aRZ—(yi)Tpm- = LO,j —+ /BLd,j'
2
This is equivalent to requiring that vectors Ri(yi)Tpi,j,
Lg,;, and Ly ; — C;(y;) are linearly dependent. Since three
3D vectors are linearly dependent if and only if their scalar

triple product vanishes, we obtain:

ijRi(yi)[Ld,j]X(LO,j —Ci(yi)) =0. 3)

Each projection provides a single constraint on the un-
knowns (lines and camera poses). A 3D line has four de-
grees of freedom, requiring four scanlines for triangulation
and at least five scanlines for constraining relative pose.

2.1. Assuming parallel lines

Let us consider the scenario where all lines are parallel,
which frequently occurs in real-world settings. Here, all
lines share a common direction Ly € R3. Since Eq. (3) is
invariant to scene rotation, we align Ly with the y-axis, es.
This allows representing each line L; with a single point
Ly, ; in the xz-plane, with its y-coordinate equal to zero.
With a shared direction, each line has only two individual
degrees of freedom (DoF). Once L is known, a line can
be triangulated from just two cameras. This reduces the



minimum number of cameras needed for pose estimation to
three. To simplify Eq. (3), we substitute e; for L ;:

Loj3) Ci(yi) )
T
—Lo ) —Ci(yi) )

We define rotation Ry ; € SO(3) around the x-axis, which
maps row y; to y = 0, and set p;’j = Ry,;Ps,;- Then, there
holds pj ; = [} ; 0 1]”. Defining

R; = Ro,Ri(v:),
t] = —Ro,iRi(y:)[Ci(yi)3 0 — Ci(ys)1))”
and substituting R/, t!

10 V5o

®)

and Pé, ; into Eq. (4), we obtain:

_n/ / / LO,< 1
i, 17 R;‘(LB) R;‘(Ll) ROINE™ jé; _o.
’ -Riss Rigi tio i
(6)
We can write Equation (6) in a vector form as
u/ ALy =0, (7)

where A; € R?3 is a matrix encoding the camera pose,
u; ; € P! is a vector encoding the observation, and Ly, ; €
P2 is a homogeneous representation of point Lo ;. Alter-
natively, we define v/ ; = [1 — 2 ;]7, and rewrite (7) as

(] ]

)\i,ju;’j = AiLj’h, )\i,j € R. ®)
Since constraint (7) is homogeneous, matrix A; has 5 DoF.
The elements R;(v;), Ci(yi)1). Ci(yi)s) of the pose,
which appear in A ;, also have 5 DoF. Using the Grobner ba-
sis method, we have verified that for every matrix A € R?:3,
there are 8 ways to decompose it into pose parameters
R e SO(@),Cuy € R, C3) € R, and a scale factor o € R.
This means that A; has no internal constraints, and every
2 X 3 matrix can represent A; for some pose.

Therefore, the relative pose problem can be transformed
into finding matrices A; € R?3, vectors L ; € P?, and
scalars \; ; € R such that (8) holds for every i € {1,...,n},
j € {1,...,m}. This is equivalent to the problem of esti-
mating 2D structure from images taken by n uncalibrated
1D cameras, which has been studied in [55].

2.1.1. Ambiguities in the case with parallel lines

The assumption that all lines are parallel introduces ambi-
guities into the relative pose estimation. First, since all line
directions Lg ; are equal, the values of constraints (3) re-
main unchanged if we shift C;(y;) to C;(y;) + yL;,q for
any v € R. Therefore, it is only possible to estimate the
camera centers up to translation along L.

Furthermore, if (8) holds for some A; € R?3, Ly, ; €
P2, then (8) also holds for A, - H~!, H - L, 1, for every in-
vertible H € R3:3. Therefore, the cameras and the structure
can only be estimated up to a projective transformation H.
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We show later in the paper that we can resolve the pro-
jective ambiguity by introducing priors on the cameras. To
resolve the ambiguity in the camera centers, we can, for
instance, observe one line orthogonal to L, and use it to
estimate the camera centers.

3. Enumerating minimal problems

In this section, we classify minimal problems for estimating
the relative pose from projections of n lines onto m scan-
lines, along with their degrees. We consider five settings:
Fully generic setting

Parallel lines

Gravity prior for cameras + Generic lines

Gravity prior for cameras + Parallel lines

Gravity prior for cameras + Vertical lines

moaw>

In cases A and C, we estimate the pose up to global ro-
tation, translation, and scale. In cases D and E, we esti-
mate the pose up to these transformations and an additional
shift of centers C;(y;) along direction Ly. In case B, we
estimate the pose up to these transformations, the shift of
centers along L, and the projective transformation H.

For each setting, we determine the number of cameras

m and the number of lines n s.t. the problem (3) is mini-
mal. We assume complete visibility, meaning each line is
projected into each camera. We follow concepts from [17]:
Minimal problem [17, Def. 1]: A parametric polynomial
system f(6,x) = O with a finite nonzero number of solu-
tions x* for a generic set of parameters 6.
Balanced problem [17, Def. 2]: A parametric polynomial
system f(0,x) = 0 where the dimensionality of the space
of variables x equals the number of independent equations.
Condition for minimal problems [17, Step. 1, Corr. 2]: A
problem f(6,x) = 0 is minimal if and only if it is balanced
and its Jacobian %}’:‘*) is invertible for generic 6, x*.

This summary provides the foundation for enumerating
minimal problems. For detailed theory, refer to [17]. In
our case, the parameter vector 6 consists of projections
Pi,j € P2, and the variable vector x encodes camera poses
(Ri(yi), Ci(ys)) and lines (Lo j,Lg4;). The polynomial
system f(x, #) consists of equations in the form of (3). Fol-
lowing [17], we used the following steps to list all minimal
problems and determine their degrees:

Enumerate all balanced problems for each setting A—E.
For each balanced problem, generate random camera
poses and lines x*, reproject the lines into the cameras,

and obtain projections 6 such that f(6,x*) = 0.
df(6,x*)

Compute the Jacobian
minimal if det 21X o4 o,
Use monodromy computation from [13] to determine the
degree of minimal problems.

Label the problem as

According to algebraic geometry, finding a single instance
where the Jacobian is full-rank suffices to claim generic



S. m n Min Deg ||[S. m n Min Deg
A 5 23 Y 38%+ (| D 3 7 Y 48
A 21 7 Y 40k+ || D 4 5 Y 232
B 3 7 Y 2% D 6 4 Y 1224
B 4 6 Y 2% E 3 5 Y 16
C 5 15 Y 1.8M+ || E 4 4 Y 32
C 15 5 Y 532k+

Table 1. List of balanced problems for settings A-E. S. denotes the
setting, m and n are the number of cameras and lines, and Deg is
the degree. Column Min. contains Y if the problem is minimal. 2*
indicates two solutions in terms of 2 X 3 matrices, and + denotes
computations that did not terminate. See Sec. 3 for details.

minimality. In the following subsections, we enumerate
minimal problems for each setting A-E.

A. Fully Generic Setting Each camera has 6 degrees of
freedom (DoF), while each line has 4 DoF. Due to gauge
freedom, we fix 7 DoF (3 for rotation, 3 for translation, and
1 for scale). There are m - n constraints in the form of (3),

fixing m - n DoF. The balanced constraint is therefore:
6m +4n — 7 = mn.

(€))

We define a function n 4 (m), mapping the number of cam-
eras m to the number of lines n, s.t. (9) holds for m, n 4 (m):

_6m—7
T om—4

na(m) (10)

As stated in Sec. 2, the minimal number of cameras is m >
5. The function n4(m) is strictly decreasing for m > 4,
and since lim,;,_, na(m) = 6, no balanced problem has
fewer than 7 lines. Evaluating n4(m) for integer values
of m from 5 onward, and searching for integer values of
na(m), we identify the following balanced cases:
em=5n=23; m=21,n="7

B. Parallel Lines As discussed in Sec. 2, the pose is esti-
mated up to a shift along L; and a projective transformation
H <€ R3*3. The pose estimation corresponds to estimating
matrices A; € R**3 and points Ly, ; € P? such that (7)
holds for all 7, j. Here, each camera has 5 DoF, each line
has 2 DoF, and we fix 8 DoF due to projective ambiguity.
The balanced constraint is:

m 4+ 2n — 8 = mn. (1)
Defining ng(m) as:
om — 8
np(m) = P (12)

and noting that m > 3, we find lim,, , . np(m) = 5, im-
plying no balanced problem has fewer than 6 lines. Evalu-
ating n(m) for integer m, we obtain:
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em=3,n=7 m=4n==56

C. Gravity Prior for Cameras + Generic Lines With a
known vertical direction, each camera has 4 DoF (1 for ro-
tation, 3 for translation), and we fix 5 DoF due to gauge
freedom. Lines remain generic, contributing 4 DoF each.
The balanced constraint is:

4m + 4n — 5 = mn. (13)
The corresponding function is:
dm —5
no(m) = — I (14)

We find lim,,,, oo nc(m) = 4, so no balanced problem has
fewer than 5 lines. Checking integer values of m, we get:
*m=5n=15 m=15n=>5

D. Gravity Prior for Cameras + Parallel Lines Here,
camera rotation has 1 DoF, and the camera center has 2 DoF
(up to translation along the line). We fix 4 DoF due to gauge
freedom. Lines share 2 DoF for direction L, with each line
having 2 additional DoF. The balanced constraint is:

3m+242n—4=mn. (15)

We get np(m) as:
3m — 2
m—2"

np(m) (16)
For m > 3, we find lim,, ,o, np(m) = 3, meaning no
balanced problem has fewer than 4 lines. We have found:
em=3n="7 m=4n=5 m=6n=4

E. Gravity Prior for Cameras + Vertical Lines Similar
to the previous case, each camera has 3 DoF, and we fix 4
DoF due to gauge freedom. Since the direction Ly is fixed,
each line has 2 DoF. The balanced constraint is:

3m+2n —4 = mn. 17
We define ng(m) as:
3m —4
ng(m) = —— (18)

For m > 3, we find lim,, o, ng(m) = 3, meaning no bal-
anced problem has fewer than 4 lines. We found problems:
em=3n=5 m=4n=4

All balanced problems for these settings are summarized
in Table 1, along with their minimality status and degree.
The table shows that problems with parallel/vertical lines
(B, D, E) are minimal and computationally feasible. Prob-
lems with generic lines (A, C) are minimal but have degrees
too high for practical RANSAC solutions. For problems
(A,5,23) and (C, 5, 15), monodromy computations did not
terminate within a month.



4. Minimal solvers

In this section, we introduce solvers for the minimal prob-
lems (B,3,7),(D,3,7), (E,3,5), (E,4,4) from Section 3.
We use the notation and concepts from Sec. 2.

4.1. Parallel lines with generic cameras

Here, we describe the solution to the problem (B, 3,7).
Since the lines are parallel, our goal is to find matrices
A, Ay Ay € R?*3 and vectors Ly, ; for j € {1,...,7},
such that equation (7) holds for every camera ¢ and line j.
Due to projective ambiguity, we aim to recover the camera
poses up to a common projective transformation H € R3%3,
Each camera triplet A1, A5, A3 can be expressed as:

Ar=A.1-H, Ay=A.-H Az=A.35-H, (19

for some H € R3*3, with Ac1,Ac 2, A 3 taking the form:

Aci= [0411 0?1 O?1] Aco = [0412 0?3 05)4] Az = [Otls 096 OE)7
(20)

The proof follows analogously to Proposition 2 in [29].
These canonical-form matrices have 7 DoF.

To estimate A, 1, A2, A, 3, we leverage the fact that,
as shown in [55], a trifocal tensor exists between three cam-
era matrices A; € R%2*3, To compute this tensor, we stack
the constraints from (8) into the matrix equation:

Ay w0 0|t
Ay 0 uy; 0 W=0. @y
A; 0 0wl |

3 3 _)\37‘7

For this equation to hold, the determinant of the coefficient
matrix must vanish, leading to the constraint:

2 2 2
ZZZ“I j(a) u2 23 (b) u3 g Tape) =0,

a=1b=1 c=1

(22)

where T € R2%2%2 ig the trifocal tensor with elements:
T(ape) = (—1)*T¢ det ([Aua 5 A Al )D -
2

As shown in [55], T has no internal constraints and it can
be estimated using 7 line correspondences.

Since T is homogeneous, it has 7 DoF, matching the DoF
of the canonical camera matrices. We verified that for every
tensor T € R2%2%2_ there are exactly two corresponding
triplets of matrices A1, A¢ 2, A¢ 3. The proof and the de-
composition algorithm for recovering these matrices can be
found in the SM. Once A, 1, A2, A, 3 are found, we can
triangulate the lines up to the projective transformation H.

The solver for the (B, 3, 7) problem, which estimates the
trifocal tensor T, operates as follows:

1. Input: Projections p; ; of 7 lines in 3 cameras.

]
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2. Compute matrices Ry ; and vectors u; ; and u;

3. Construct the linear system (22).

4. Solve (22) using singular value decomposition (SVD) to
estimate the tensor T'.

On average, the solver runs in 6.92 5.

4.2. Vertical lines and known gravity

Here, we analyze the solutions to the problems (F, 3, 5) and
(E,4,4). We assume that that all lines are vertical and the
gravity directions v; € P? for the cameras are known.

Similar to Sec. 4.1, we set Ly ; = ey. Therefore, Equa-
tion (6) still holds. Furthermore the vanishing points v;
for i € {1,...,m} associated with the vertical lines are
known, and there holds v; = R;(y;)ea. We can decom-
pose R;(y;) = R, ;R i, where R, ; is a rotation around
y-axis, and R, ; is a rotation around an axis in the xz-plane,
such that R, ;es = v;. Since R, ; is calculated directly
from v;, we assume it to be known.

In this case, R (5) takes the form R, = Ry ;R, ;R ;.
While both Ry ; and R, ; have their axes in the xz-plane,
Ry ,iR,; does generically not share this property. However,
we can decompose Ry ;R, ; = R, iRy, s.t. R, ; has its
axis in the xz-plane and R, ; rotates around the y-axis.

Now, we decompose R} as R, ; - R, where R, ; is a
known rotation around axis in the xz-plane, and R = Ry, ;-
R, ; is an unknown rotation around y-axis.

We represent R, ;, R/ with quaternions
[qi,w qi,x 0 qi,z]T7 q;/ = [q;/,w 0 q;/,y O]T
ements of R’ in the form

q;
, write the el-

R;(l,l) = (1 - quz)(l - 2q”2) 4qz z i, zqz qu,ya
fas = 2(1— 24} )a} 4}, + 2di 2 - (1 — 2q77),
Ri(3 1) = 2i 2 i - (1 — 242) — 2(1 — 247, )47, 47 s

;(3,3) = (1 - 2q12,a:)(1 - 2(]”2) + 4qz zqi Zqz wq@ R7H

(24)
and decompose the left 2 x 2 submatrix of A; (7) as
—R; R
l_Rf’“’?’) 57“’”] =Aia- A, (29)
1,(3,3) 1,(3,1)
with
A= o9 vEL 26
’ l:(l - 2qz2x) 2qi,mqi,z ( )
(1- 2q”2) 2q/ ,d }
Ai — i, w 1, . 27
i |: 2(]2 qu,y (1 - 2q 1,y ) ( )

A, , can be directly obtained from the known gravity di-
rection and the current scanline y;, and A;; is an un-
known 2D rotation matrix. We define Al = AZ_; A,;, and

= A", u; ;. Then, there holds

u/TAJL;, = 0. (28)



Since the left 2 x 2 submatrix of A is A, ;, A} has a form
of a calibrated 2 X 3 camera matrix, and the problem with
known gravity direction and vertical lines is equivalent to
estimating a 2D structure from images taken by n calibrated
cameras [8]. Unlike its uncalibrated counterpart, the cali-
brated problem can be solved without projective ambiguity.
Solvers for the cases m = 3,n = 5and m = 4,n = 4
have been presented in [8]. Notably, these numbers exactly
correspond to the minimal problems discussed in Sec. 3.

The solver for m = 3,n = 5 estimates a trifocal ten-
sor of the form (23) from 5 point correspondences and 2
linear internal constraints, and solves a quadratic function
to decompose the tensor into camera matrices. The solver
for m = 4,n = 4 estimates a dual quadrifocal tensor from
4 point correspondences and 11 linear internal constraints,
and also solves a quadratic function to decompose the tensor
into camera matrices. In both cases, there are two solutions
in terms of matrices A’. Typically, the correct solution is
selected by counting the points lying in front of all cameras.

After finding A/ with [8], we construct the camera poses
R;(yi), C;(y;). For this, we first obtain R'. Because (28)
is homogeneous, there are two possible matrices R

)

(1-29/2) 0 247,
0 1 0
"2

/ 1
—2q7,49i, 0 (1-2q7,

1
iy
R] €

)

) (29)

-(1-2q/3) 0 -—2q/,4,
0 1 0
2q7,q7, 0 —(1-2473)

The existence of two choices of R per A accounts for the
presence of 16 solutions in the 3 view case and 32 solutions
in the 4 view case. Finally, we construct R;(y;), C;(y;):

1
79

Ri(y;)) = R{ R, R
(v:) 0, 30)

Ci(yi)

Note, that C;(y;)(2) is always zero. This is in accordance
with the Section 2, which explains that the camera centers
can only be estimated up to the shift along the direction L.

To summarize, we perform the following steps to solve
problems (F, 3,5) and (F, 4,4):
1. Input: Projections p; j, vertical directions v;.
Calculate matrices Rg ;, Ry s, Rq,i, and vectors u; ; (7).
Compose matrices A; , (26) and vectors u;’ ;(28).
Use the 3 view or the 4 view solver from [8] to find 2
sets of matrices A}, i € {1,...,m} from uj;.
5. Construct R} (29), R;(y;), and C;(y;) (30).
On average, the 3 view solver takes 9.16xs, and the 4 view
solver takes 70.84us.

1
[e1 e Ao Ai(1:2,3)-

2.
3.
4.

4.3. Parallel lines and known gravity

We present the solution to the problem (D, 3,7). In this
case, all lines share a common direction Lg, which is
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generically not aligned with the vertical direction e,. Let
R4 € SO(3) be a rotation around an axis in the xz-plane,
s.t. Ly = Rgeo. Substituting this into (3), we get

p; ;Ri(yi)[Raea]x (Lo — Ci(y:)) =0, (31

P! Ri(yi)Rale2] xRy (Lo — Ci(i)) = 0. (32)
We define Lf, ; = R} Lo j, C; = R} C;(y;) and substitute
these into (32):

p, ;Ri(yi)Rales]x (Lj, ; — C;) = 0. (33)

Following Sec. 4.2, we find rotation matrices Ry ; and R,, ;,
decompose R;(y;) as R, ;R ;, and find vectors u; ; ac-
cording to (8). Then, we define Rp; = Ry R, Ry Raq,

andtp,; = —Rz,yli [e2] x C}, and rewrite the constraint as
L. .
\ou = —Rpia3 Rpuaa tpi) 9’7(1)
W SR Roaeny toas] ||
(34)

which can be written in matrix form as

Aijuij = ApLj ;. (35)

This equation has the same form as (8), ensuring the exis-
tence of a trifocal tensor T € R?2? satisfying (22). We
estimate this tensor linearly using 7 correspondences, as in
Sec. 4.1.

Let us now discuss how to decompose T to estimate the
relative pose. First, we fix the coordinate frame by setting
Ri(y1) = I, Ci(y1) = 0. Both the tensor T and the
pose have 7 DoF. Using Grobner basis, we have discov-
ered that for every tensor T € R?22, there are 48 cam-
eraposes Ry 2,tp 2, Ry 3,tp 3, Ry, such that the matrices
A p ; constructed via (34) have the tensor T.

Due to the high number of variables and equation com-
plexity, we could not generate an ellimination template for
a Grobner basis solver. Therefore, we solve this problem
with homotopy continuation [18], with an average runtime
19089us.

Finally, we compose A; p according to (34), and the
pose Rl (y2)7 Cz (yz) as

Ri(yi) = Rv,iRy,ia

_ 36)
Ci(yi)) = Ra[e1 e3] AD,li(1:2,1:2)AD»i(1:2=3)

To summarize, we perform the following steps to solve
the problem (D, 3,7):
1. Input: Projections p; j, vertical directions v;.
2. Calculate matrices R ;, R, ; and vectors u; ; (7).
3. Construct linear system (22) and solve it to get T.
4. Use homotopy continuation to decompose T into R, >,
tp2, Ry 3, t3 D, Ra.
Construct R;(y;) and C;(y;) using (36).
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Figure 3. Histogram of tensor, rotation, and translation errors of
the proposed solvers, over 10° noiseless samples. In radians.

4.4. Degenerate scenarios

Here, we analyze the degenerate cases for the solvers in-

troduced in Sections 4.1, 4.2, and 4.3. Specifically, we

consider scenarios where some lines are coplanar or where

camera centers are collinear or coincident.

* Solvers (F,3,5), (E,4,4) are degenerate if all m lines
are coplanar or if any two camera centers coincide.

* Solvers (B,3,7), (D,3,7) are degenerate if at least 5
lines are coplanar or if any two camera centers coincide.

* There is no degeneracy if the camera centers are colinear.

5. Experiments

In this section, we evaluate the solvers (B, 3,7), (D, 3,7),
(E,3,5), (F,4,4) on both synthetic and real data.

5.1. Synthetic experiments

Numerical stability. We sample scanlines y; from U|_ 1
and generate random camera rotations R; g7 and centers
C;,cr. Since we use one scanline per image, we only sam-
ple one pose per image. We get the vertical directions as
v; = Rjgres. To generate line L;, we sample scalars
iy, Mj,> from normalized Gaussian distribution and set
Lo; = [pjz 0 pj» + 57, For solver (D,3,7), we also
generate scalars v, v, and set L; 4 = [v; 1 v,]T. In other
cases, we use L; 4 = ey. We generate p; ; by projecting L;
into the camera with pose (R; ¢, C; ¢r) and intersecting
the projected line with scanline y;.

Before measuring the error, we transform both the
ground truth pose, and the estimated pose (R est, Ciest)
into a canonical coordinate frame with C; 0,
Ry 1 =1I,Lg = e;. Since the y-coordinates of all camera
centers are unobservable, we set them to zero. Then, we cal-
culate the rotation error errg = maxj’, (4R ,Ricr)
and the translation error errg = maxj”, A(C%GT, Ciest)-

Additionally, we construct tensors T g7 from GT poses
and estimate T, using the solvers. For trifocal problems,
T, Test are trifocal tensors (23), while for (E, 4, 4), they
are dual quadrifocal tensors. We measure tensor error err
as the Frobenius norm of T' g7 — T.s;. For each solver, we
generate 10° synthetic noise-free scenes and measure errg,
errc, and errr. Results in Fig. 3 show solver stability.
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Figure 4. Rotation, translation, and tensor errors averaged over
10000 successful runs as a function of the point and the vertical
noise, measured from the real solution closest to the ground truth.
If a solver returns only complex solutions, we report a failure. The
failure rates are reported in the last row. Plots in the same row
share the y-axis and plots in the same column share the x-axis.
The fixed parameters are in the titles.

Tests with noise. To evaluate the robustness to noise, we
set focal length f = 1000pa: and add Gaussian noise with
standard deviation 22 to each projection p; j. We also per-
turb vertical directions v; by applying a random 3D rota-
tion with angle o,,. Fig. 4 shows errg, errc, and errr as
the function of o), o, averaged over 104 runs. The results
confirm that, since the line detections tend to be relatively
precise, our solvers exhibit reasonable behaviour under re-
alistic noise levels.

5.2. Real-world Experiments

We evaluate our solvers using the Fastec dataset [43], which
consists of 19 sequences captured from a moving car in
Tiibingen. Each sequence contains 34 rolling shutter (RS)
images and two global shutter (GS) images for every RS im-
age: one with the pose of the first scanline and one with the
pose of the middle scanline. The images have a resolution
of 640 x 480 px and a focal length 768 px.

Since GT poses are unavailable, we use COLMAP [61]
on the GS images to obtain pseudo-GT poses (R; 7, C; )
for the first scanline of image ¢ and (R,; ar, C; ar) for the
middle scanline. The pseudo-GT pose for scanline y; is in-
terpolated as: R; ¢7(yi) = Rim—y,Rim, Cior(yi) =
C,, h72yi (Ci,r — C;i m), where R; ps_,,, is a rota-
tion matrix w1th the axis of R; FRZ > and the angle "= 2%

times the angle of R; rRY,,. We evaluate the solvers in
multi-view and single-view settings.
Multi-view. We estimate poses for m consecutive im-



solver <5 | <10° | <20° | <30°
(E.3.5) 1 10 15

MV | (E44) 5 8 11 14
(D,3,7) 6 10 15 17
(E,3,5) 3 3 5 10

SV | (E4.4) 2 4 7 13
(D,3,7) 4 4 7 9

Table 2. Number of sequences (out of 19) from the Fastec

dataset [43], with at least one estimated pose with error below
5/10/20/30°. MV: Multi-view, SV: Single-view.

ages, selecting one scanline per image. We use DeepLSD
[49] and Gluestick [50] to detect and match the lines. Al-
though the projections of lines by RS cameras are generi-
cally curves, the line-based methods work well in the case
of Fastec dataset. To select scanlines 1, ..., Ym, we exhaus-
tively search for the scanlines that maximize the number of
matched lines intersecting them. Then, we find p; ; as the
intersections of the detected lines and the scanlines. Follow-
ing [12], we approximate the vertical direction by [0 1 0]7.
This setting works well for many dataset, including Fastec,
and does not require gravity direction measurement.
Single-view. In this case, select m scanlines in the same
image and estimate the pose between them. We detect lines
with DeepLSD [49], and select scanlines yi, ..., y,, with
spacing at least 25px with the highest number of shared
lines. We obtain p; ; by intersecting lines with scanlines.

We evaluate the solvers in RANSAC [22]. We label a
correspondence as inlier, if the triangulated line L; lies in
front of all cameras and its reprojection error € is below
1pz. In the case of (B, 3,7), we decompose the tensor into
canonical cameras (20) before triangulation. Details about
triangulation are in the SM. The score for a model is the sum
over all lines of (1pz — €)? if ¢ < 1pz, and zero otherwise.
We run RANSAC for 1000 iterations, and select the model
with the highest score. We do not use local optimization.

The results are summarized in Tables 2, 3 summarize the
results for the solvers (E, 3,5), (E,4,4), and (D, 3,7), and
Table 4 shows the tensor error for the solver (B,3,7). Al-
though the total number of camera poses with an error be-
low 10° and 20° remains relatively low, in Structure-from-
Motion (SfM) applications, it is sufficient to estimate a sin-
gle correct relative pose per sequence to initialize the re-
construction. Table 2 confirms that this is achievable for the
vast majority of sequences. A more detailed evaluation and
further experiments are provided in the SM.

6. Limitations and Future Work

While our approach shows promising results for rolling
shutter relative pose estimation, several limitations remain.
A key challenge is the lack of robust curve detectors and
matchers, as rolling shutter distortion bends straight lines.

7150

solver <10° | <€20° < 30°
(E3,5 || 1.0% | 62% | 21.9%
MV | (E44) || 19% | 79% | 224 %
D,3,7) || 56% | 13.8% | 21.7 %
(E3,5) || 05% | 25% 53 %
SV | (E44) || 1.2% | 41% | 10.0%
D37 05% | 22% 6.6 %

Table 3. Percentage of camera poses from Fastec [43] with pose
error below 10/20/30°. MV: Multi-view, SV: Single-view.

setting || Median error | Minimum error
MV 0.85 0.44
SV 0.89 0.62

Table 4. Median and Minimum tensor error of the (B, 3, 7) solver,
averaged over all sequences from Fastec [43]. A more detailed
evaluation is in the SM.

Additionally, our method relies on chirality constraints to
resolve ambiguity, as noted in [8]. The method does not use
any motion model, which makes it broadly applicable and
model-agnostic. However, this universality comes at the
cost of stability: we expect methods that incorporate mo-
tion models to be more stable. Our solvers are also limited
to specific scene types and assumes a known gravity direc-
tion. However, this reliance could be mitigated using scene
knowledge, such as geometric relations between lines, in
combination with solver (B, 3, 7). Finally, our method es-
timates pose only up to a shift along the line direction. Fu-
ture work could integrate additional geometric constraints,
improve feature detection, and integrate the solvers to a
rolling-shutter SfM pipeline.

7. Conclusion

In this paper, we propose a new approach for estimating
the relative pose of rolling shutter cameras using projections
of lines onto multiple scanlines. This enables estimating
relative pose of rolling shutter cameras without explicitly
modelling camera motion. The proposed solvers provide
an important building block for rolling-shutter SfM where
each scanline has its pose computed independently, without
relying on a global motion model.

We identify minimal problems for different variations
of the single-scanline relative pose problem, including
cases with parallel lines, vertical lines, and known gravity
direction. Furthermore, we develop minimal solvers for
the parallel-lines scenario, both with and without gravity
priors. To evaluate our approach, we conduct experiments
on both synthetic data and real-world rolling shutter
images from the Fastec dataset, considering scanlines
from either the same image or different images. These
experiments demonstrate that our solvers successfully
estimate at least one correct pose in the majority of
scenes, confirming their feasibility for SfM initialization.
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