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Non-Minimal Solvers for Relative Pose Estimation with a Known
Relative Rotation Angle

Deshun Hu!*

Abstract— Knowing the relative rotation angle improves
relative pose estimation accuracy. We consider the problem
of computing relative motion from a non-minimal number of
correspondences with a known relative rotation angle. While
several solvers for minimum correspondences have been pro-
posed, no non-minimal solver for this problem currently exists.
In this work, we propose two non-minimal solvers for this prob-
lem. The first solver solves the problem using convex relaxation
and semidefinite programming, yielding certifiable solutions.
The second method approaches the problem through local
eigenvalue optimization with random initialization. Increasing
the number of initial guesses lowers the chances of missing
the correct solution. We conduct experiments on synthetic and
real data, confirming our methods’ advantages over competing
methods.

I. INTRODUCTION

Estimating the relative camera pose between each frame
pair is a key step in visual odometry (VO), structure from
motion (SFM) and simultaneous localization and mapping
(SLAM). Relative pose for calibrated cameras is charac-
terized by the epipolar geometry, and commonly the ob-
served point movements are used to estimate the essential
matrix between two frames [1]. Due to scale ambiguity of
translation, the essential matrix has only five degrees of
freedom [2], [3]. The so-called minimal solvers use least
point correspondences possible to efficiently calculate the
relative pose and are typically used in a hypothesis and
test framework (RANSAC) [4] to gain robustness against
outliers.

Using measurements from other motion sensors can help
to simplify the pose estimation problem [9]. Sensors such
as an odometer or an inertial measurement unit (IMU) can
provide motion priors such as known gravity direction or
known rotation angle. If the sensors are properly calibrated,
the IMU data can be used to calculate the vertical direction
in the camera coordinate frame, decreasing the degrees of
freedom from five to three [5]-[8], [10]. Using rotation
angles from motion sensors, on the other hand, eliminates
the need for extrinsic calibration between different sensors
because the relative rotation angles of rigidly connected
sensors are the same. In this case, minimal solvers can
take four point correspondences from an image pair and the
rotation angle from any relative rotation sensor to identify
the relative pose [11]-[13].

The minimum solution, which uses the least points for
each hypothesis instantiation, may not necessarily lead to an
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Fig. I. Two cameras C; and C2 with known relative angle 6 observing
n points X1, Xg, ..., X,. The objective is to determine the relative pose
of the cameras.

accurate estimate and may trap further refining procedures
in poor minima. Hypotheses generated from larger-than-
minimal subsets of the consensus set also benefit robust
estimating systems. Non-minimal solvers frequently employ
global optimization approaches that require specific relative
pose parameterizations for efficiency and performance [14]—
[18]. Non-minimal solvers are usually much more computa-
tionally complex than minimal solvers.

In this work, we present two non-minimal solvers for
the relative pose problem with a known rotation angle. In
the first solver, the underlying algebraic error minimization
formulation is modeled as a non-convex quadratic constraint
quadratic program (QCQP), which is then solved using
certifiable convex relaxation [19]. The second solver utilizes
a different epipolar constraint to optimize the least eigen-
value of the cost matrix directly over the relative rotation,
regardless of the relative translation [20], [21]. A random
variation of the starting point prevents the optimization from
reaching local minima.

The main technical contributions of our work are:

1) We introduce two QCQP formulations of the prob-
lem and solve them using semidefinite programming
(SDP);

2) We present a fast method for the problem based on lo-
cal eigenvalue optimization with random initialization;

3) We validate the effectiveness of the proposed non-
minimal solvers on both synthetic and real datasets.

II. RELATED WORK

During the last two decades, minimal solvers for relative
pose estimation have received a lot of attention and have been
extensively discussed. Nister’s five-point method utilizes
Gauss-Jordan elimination as well as the hidden variable
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technique to efficiently reduce the problem to one variable
root extraction [2]. Stewenius suggests using Groebner bases
to solve the relative pose problem, which have been shown
to be more numerically accurate [3]. The authors in [22]
introduce the polynomial eigenvalue formulation of relative
pose, which is solved using standard numerical algorithms
to achieve a stable estimate. Kneip proposes the idea of
estimating rotation and translation independently in [20],
allowing for accurate rotation estimation even with dimin-
ishing translation magnitudes. A solver for small rotations is
proposed in [23].

Recently, non-minimal relative pose solvers have gained
popularity, showing more accurate results than five point
methods. The most widely used and well-known non-
minimal relative pose solver is the normalized direct linear
transform (DLT) [1], though the solutions are not on the
essential manifold. Kneip’s method [21] uses an eigenvalue
formulation [20] to directly optimize over the relative rota-
tion, which can be performed in a constant amount of time
regardless of the number of correspondences. Accounting for
point uncertainties in the optimization improves estimation
accuracy [24]. Another approach is to reformulate the orig-
inal problem as a QCQP and then relax it to SDP using
Shor’s relaxation [19]. If the convex relaxation is tight, the
original non-convex problem is solved with global optimality
in polynomial time. Using the eigenvalue-based formulation,
the authors in [15] formulate the non-minimal relative pose
problem as a QCQP whose convex relaxation is always tight
empirically. The authors in [14] present an alternative QCQP
formulation with a significantly reduced number of variables
and constraints by using an equivalent parameterization of
the essential matrix. Including redundant constraints in the
QCQP helps to tighten the relaxation [25]. Iterative local op-
timization paired with a quick optimality certifier is another
viable approach [26]. However, for that approach to converge
quickly, a good initial value is generally required.

Many solvers utilize motion priors, such as known gravity
direction and known rotation angle. When the direction of
gravity is known, rotation has only one degree of freedom,
and the relative pose can be estimated using only three
point correspondences [10]. A non-minimal solver based
on closed-form eigenvalue minimization for known gravity
cases is presented in [18]. Despite having one fewer degree of
freedom, solvers for known rotation angles are more complex
than 5-point approaches. In [11], the authors propose two
solutions to the problem, the first of which has a large
elimination template and thus is impractical. The second
method optimizes a set of random initial estimations to
find the right relative pose [11]. The authors in [12] use
quaternion parameterization and Schur elimination in the
Groebner bases to create a significantly faster minimum
solver. The first minimal generalized relative pose solver with
a known rotation angle is also proposed in [12].

Modern motion sensors can provide very accurate relative
angles with simple processing. See Fig. 2 for an example. To
the best of our knowledge, this is the first work to present
non-minimal relative pose solvers with a known rotation

—— gyroscope
—— ground truth

0.08 q

relative rotation in radians

Fig. 2. Relative rotation angles between consecutive images in down-
sampled EuRoC sequence MHO1 [27]. We downsample the sequence by
taking every fourth image. The z-axis represents images sorted by time. The
relative angles calculated from the gyroscope are numerically close to those
obtained from the ground truth. Section V contains details on computing
relative angles from the gyroscope.

angle. In our first solver, the relative angle constraint is
expressed as a quadratic constraint on the essential matrix.
The second method separates rotation from translation and
optimizes directly over the rotation axis to find the best
rotation.

ITII. PRELIMINARIES

This section begins by explaining the notations used in this
work. The epipolar constraint and the essential matrix are
then briefly discussed, as they are required to proceed with
the development of our SDP solvers. Finally, we investigate
how the problem can be treated as an eigenvalue optimization
problem, as the second method does.

A. Notation

We denote matrices with upper case boldface letters and
vectors with lower case boldface letters (e.g. A, x). The
identity matrix is written as I, whose dimension can be
inferred from the context. We write A > 0 (resp. A > 0)
to denote that the symmetric matrix A is positive definite
(resp. positive semidefinite). We use S™ to denote the space
of symmetric matrix with dimension n x n. By MATLAB
syntax, Afg.p c.q) stands for the submatrix of A constructed
by rows a to b and columns c to d, and x[,.; stands for
the entries of vector x indexed from a to b. A;; represents
the element of A in the ith row and jth column, while x;
represents the ith element of x. vec(A) stacks matrix entries
by column-first order. trace(A) denotes the trace of matrix
A. We denote by |t| the matrix form for the cross-product
with a 3D vector t. The Kronecker product between two
matrices is denoted as A ® B. The identity vec(AXB) =
(BT ® A)vec(X) is used in later formulations.

B. Epipolar geometry and essential matrix

We represent the relative pose between two given cali-
brated cameras as 3 x 4 matrix of the form

P = [R.t], )
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where R is the rotation matrix and t is the translation vector.
The essential matrix E is defined as

E = [t]xR. 2

Representing pair-wise correspondences with pairs of (noisy)
unit bearing vectors (f; f;) which point from the correspond-
ing camera center towards the same world point, the epipolar
constraint reads

£ TEf, = 0. 3)

Using convex relaxation to estimate relative pose requires
a quadratic parameterization of E. Directly parameterizing
E in R and t via (2) is possible [15], but inefficient because
the rotation matrix imposes a large number of constraints. To
simplify the resulting SDP problem, we define E utilizing
equivalent conditions proposed by [14]

EE" =tt', t't=1. “)

As the scale is not observable, we require normalized trans-
lation in (4). This parameterization considerably reduces the
number of variables and constraints in the resulting SDP
problem [14].

C. Problem formulation

Under the presence of noise, we pursue the optimal pose
by minimizing algebraic error of the epipolar constraint

N
. 'Tre\2
min Ezl(fi Ef;)=, ®)

where N is the number of point correspondences. The cost
function (5) is quadratic in E, and the problem can be turned
into a QCQP with a quadratic parameterization of E (4). In
our case, additional quadratic constraints must be imposed on
E to specify the known rotation angle. The resulting QCQP
is relaxed and then solved by off-the-shelf SDP solvers.

Another approach is to eliminate translation from (5)
and obtain a rotation-only expression [21], which is then
optimized directly on the rotation manifold. Due to the shift
invariance of scalar triplet product, the epipolar constraint
can be rewritten as

£TEf =f [t| Rf =t |[RE|,f). (6)

And (5) can be written as

N N
min> (£ TEf)2 =S tT(|RE | £ (|RE | )Tt
Ri;(z ) ; ([Rfi |« £; ) (| RE: ] ;)
N
=t QO (IRELE)([RE) L))t
- )
Denoting M(R) = 3> (|Rf; |« f;)(|Rf; | f]) T, we can

now rewrite (7) as

c LT
mint' M(R)t. 8
Rt (R) ®)
Because the scale is not observable, we only optimize over
the normalized translation. For one fixed rotation, the trans-
lation can be set as the eigenvector corresponding to the least

Shor’ s
relaxation

essential matrix
parameterization

epipolar

. build QCQP SDP form
constraint

calculate
solution

solution

certification solve SDP

Fig. 3. The process of our SDP algorithm. During the offline phase,
we write the problem as a QCQP and apply Shor’s relaxation. Online, we
substitute point correspondences and perform SDP optimization, after which
the solution is checked for certification.

eigenvalue of M(R). As a result, the original problem (5)
is reduced to minimizing the smallest eigenvalue of M(R),
which only depends on the rotation matrix

m&n Amin(M(R)). 9)

Since the rotation angle is already determined, all that
remains is to parameterize and optimize the rotation matrix
over the rotation axis.

IV. SOLUTION PROCEDURE

In this section, we solve the non-minimal relative pose
problem with a known rotation angle. The first method
approaches the problem as a QCQP, which is subsequently
relaxed into an SDP and solved using off-the-shell solvers.
The second method employs local eigenvalue optimization
with random starts to find a global solution.

A. SDP solvers

In this subsection, we present two SDP solvers for the
problem. Fig. 3 depicts the solvers’ steps.

Using the identity vec(AXB) = (BT ® A)vec(X), the
objective in (5) can be reformulated as a quadratic form

N
> (£ TEf;)? = e Ce, (10)
i=1
where e = vec(E) and
N
cC=Y(Eaf)faf). (11)
i=1

Using (4), the equivalent QCQP form of minimizing the
algebraic error is
min e’ Ce
E¢ (12)
st. EE" =tt', t't =1.

We introduce a new optimization variable

x = [vec(E)" tT]T ) (13)
and variables x and vec(E) are related by
vec(E) = Tx, (14)

2864



where T € R%%!2 denotes a constant linear transformation

with an identity matrix in the left 9 columns and zero else.

Combining (10) and (14), we can reformulate the objective
as

minx ' Agx, (15)

where Ag = T CT. Considering the constraints in (12),

the QCQP form can be written as

min XTA()X
x (16)

st.x Ax=0b;, i=1,---,T,

where A; and b;, i = 1,---,7, are from 7 equalities
introduced in (4). See [14] for more details. There are 12
variables and 7 constraints in this problem.

Let 6 be the relative rotation angle between two calibrated
camera frames. € can be calculated from other odometry
sensors. The trace of the rotation matrix can be calculated
as 7 = trace(R) = 2 x cos + 1. This introduces another
quadratic constraint on the essential matrix

%(7’2 —Dtrace(EE ")+ (7 +1)trace(EE) +trace’(E) = 0.
(17)

See [28] for the proof. If one essential matrix satisfies (17),
then one of its factorized rotation matrices will have the
desired rotation angle [1], [28]. The QCQP with the known
rotation angle constraint is
min x ' Agx

* (18)

s.t. XTAZ‘X:bi, 1= 1,

) 9

where Ag and bg are from the rotation angle quadratic
constraint introduced above.

Introducing a new matrix variable X = xx |, with the
identity trace(A;X) = x " A;x, the problem (18) is identical
to

erelg}z trace(AoX)
s.t. trace(A;X) =b;, i=1,---,8 (19)
X >0,
rank(X) = 1.

(19) is a non-convex problem owning to the non-trivial rank
constraint. We derive Shor’s relaxation of (19) by dropping
the rank constraint as in [14], [15]

min  trace(AoX)
XGSIQ
s.t. trace(A;X)=10b;, i=1,---,8 (20)
X *>0.

The problem (20) is an SDP problem, which can be easily
solved in polynomial time by off-the-shell solvers [29]. It
turns out that the dual problems of (19) and (20) are the
same following the derivation of Lagrange duality [19]. The
dual problem is

max —A'b
A
8 2D
st. Q) =Ag+ Y NA; =0,
i=1

where b = [by, - ,bg}T and X = [Aq,-- ,)ng. Be-
cause the block sparsity structure of the problem remains
unchanged, the procedure for obtaining the solution and
checking for tightness is identical to [14]. The whole process
of the first SDP solver is illustrated in Alg. 1.

Algorithm 1: Non-Minimal Relative Pose Estimation
with a Known Rotation Angle via SDP

Input: normalized point correspondences (f;, fl-/),
i=1,---, N, relative rotation angle 6

Output: rotation R*, translation t*

Construct C by equation (11);

Construct Ag in (15);

Calculate 7 and construct Ag in (18);

Solve SDP (20) and obtain optimal solution X*;

Calculate the numerical rank of XF1:9,1:9] and

B A W N -

X{10:12,10:12)5
if the numerical rank is 1 then

‘ The SDP relaxation is tight;

8 else

9 | The SDP relaxation is not tight;
10 end
u Set vec(E) as the eigenvector corresponding to the

biggest eigevalue of Xr1:9,1:9];

12 Decompose E to obtain R* and t*.

6
7

Now we briefly present the second SDP solver. In the
second SDP solver, similar to [30], [31], we obtain the
quadratic constraint for the known rotation angle from the
elimination theory [32]. Adding the equality 7 = trace(R)
to the constraints of the essential matrix and rotation matrix
gives various equations in E, t and R. By eliminating R
from these equations, we can extract the following quadratic
constraint containing 7

27(E23 — E32)t1 + 27(E3; — Ei3)ta+
27(E1z — Ea1)ts + Ef + Efy—
2E12E9 — E3, — 2E3E51 —

2E93E30 — B2, +t2 + 72 = 0.

(22)

We use the code in Listing 1 to obtain (22).

Cross terms between E and t in (22), like Egotq, break
the original block sparsity pattern [14]. And we can add
redundant quadratic constraints t " E = 0 on the cross terms.
More redundant constraints [25] can be added, but we will
not discuss this in the work. We now have an SDP problem
with 11 constraints after using the convex relaxation. As we
no longer have the block sparse structure as in [14], we need
to decompose the entire matrix X and check the rank for
tightness [33], [34]. The condition 7 = trace(R) is also
checked because (22) is only a necessary condition according
to the elimination theory [32]. The entire procedure is similar
to Alg. 1 and is omitted for space.
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R = 0Q00[rll,rl2,r13,r21,xr22,r23,r31,r32,r33,tl,t2,t3
,ell,el2,el3,e2l,e22,e23,e31,e32,e33,taul;

Rot = matrix{{rll,rl2,r13},{r21,r22,xr23},{r31,r32,
r33}};

t = matrix{{tl},{t2},{t3}};

tc = matrix{{0_R,-t3,t2}, {t3,0_R,-tl},{-t2,tl,0_R
bhi

Ess = matrix{{ell,el2,el3},{e21,e22,e23},{e31,e32,
e33}};

E = matrix{{1_R,0_R,
_R}};

0_R},{0_R,1_R,0_R},{0_R,0_R,1

I = ideal (minors(l,Ess-tc*Rot) + minors(l,Rotx*
transpose (Rot)-E) + minors(l,transpose (Rot) *xRot
-E), transpose(t)*t-1_R, trace(Rot)-tau);

Il = eliminate({rll,r12,r13,r21,r22,r23,r31,r32,r33
boI) s

mingens Il

Listing 1. Macaulay2 code

B. Optimization solver

We provide another non-minimal solver based on local
eigenvalue optimization in this section. The Rodrigues for-
mula for rotation matrix is

R =R(0,r) = cosOI + (1 — cosf)rr' +sinf[r|,, (23)

where 6 is the rotation angle and r is the unit rotation axis.
To optimize over r, we parameterize the unit rotation axis
as

r(d) = r(dy,d2) = [sin(norm(d)) * cos(arctan(ds/d;)),

sin(norm(d)) * sin(arctan(da /d; ), cos(norm(d))] ",

where d = [dy,d»] " is the logarithm parameter for the unit
axis [35].

We use the Levenberg-Marquardt (LM) algorithm to effi-
ciently optimize (9). To apply the algorithm, the number of
cost terms must be at least equal to the number of unknowns.
Following Kneip’s trick [21], we add two more terms to the
cost function in (9)

0dy

0ds ’
where ¢ is the weight factor for the derivative terms. Because
the derivatives are zero at the minimum, the two extra terms
have no influence on the global (local) optimum, while
allowing us to solve it effectively using the LM approach.
Since the initial value could be very poor, a large number of
iterations are needed in the LM method.

To prevent local minima, random starts are required. The
initial rotation axis is created at random in 3D space rather
than logarithmic space, and it is then normalized to represent
a uniform random distribution. From our experiments, 7 ran-
dom starts are sufficient to yield a satisfactory result. Fig. 4
depicts a sample cost surface of (25) from our simulation data
in section V. The MATLAB symbolic computing toolbox is
used to simplify (25). The weight factor ¢ is set to 0.2 in all
our experiments in section V.

min Apin (M(R(d))) + e (( i

(25)

0.0 1.570 3.141 4.712 6.28 0.07

0.0
0.06
1.570 0.05
0.04

9 3.141
0.03
4,712 0.02
0.01

6.283

Fig. 4. A sample cost surface of the function in (25). In this figure, € is
set to O to show only the minimal eigenvalue. There are only a few local
minima in the cost function (25).

V. EXPERIMENTS

In this section, we conduct experiments on synthetic
and real data to evaluate the performance of the proposed
solvers. To compare the relative rotation accuracy, we use
the geodesic distance criteria for quantitative evaluation. For
rotation, geodesic distance between the estimated rotation
R, and ground truth Ry is defined as

trace(R;tRest) -1
2

The rotation errors are measured in degrees. We skip the
translation error analysis for space. Because the SDP solvers
have similar relaxation tightness for a sufficient number of
points, we compare the solutions from the relevant decom-
position directly and skip the tightness analysis. We mainly
focus on the median errors because all solvers are used in a
RANSAC [4] framework in practice.

The first and second proposed SDP solvers are referred
to as SDP-Ka-1 and SDP-Ka-2, respectively. The proposed
eigenvalue solver is denoted as Eigen-Ka. We compare our
methods against the following existing methods: Nister-5pt is
the essential matrix solver in [2], Evgeniy-4pt is the solver
in [12], Eigen-Plain is the local eigenvalue solver in [21],
and SDP-Plain is the SDP method proposed by [14]. For
a fair comparison, we run Nister-5pt and Evgeniy-4pt for
10 RANSAC times each and keep the solution with the least
algebraic error. Eigen-Plain uses the ground truth value as the
starting point, whereas Eigen-Ka applies local optimization
with 7 random starts. For Nister-5pt and Eigen-Plain, we
use the implementations in [36]. All the SDP solvers are
implemented in MATLAB. Our eigenvalue solver is written
in C++.

For synthetic data, we generate random problems in a
similar manner to [15]. The random translation is constrained
within a spherical shell with radius [1,3]. We generate a

). (26)

180
€rot|degree] = —— arccos
T

2866



TABLE I
ACCURACY OF RELATIVE POSE SOLVERS ON THE EUROC DATASET. ROTATION ERRORS ARE MEASURED IN DEGREES. MHO1 DENOTES THE SEQUENCE
MACHINE HALL 01, AND SIMILARLY FOR OTHERS.

Method MHO1 MHO02 | MHO03 MHO04 | MHO05 V101 V102 V103 V201 V202 V203
SDP-Plain 0.4821 | 0.4465 | 0.7671 | 0.6485 | 0.5499 | 0.8462 | 1.4486 | 1.3364 | 0.6832 | 1.3357 | 1.2794
SDP-Ka-1 0.2854 | 0.2626 | 0.5132 | 0.3683 | 0.3486 | 0.6270 | 1.1270 | 0.8747 | 0.4490 | 0.9341 1.0159
SDP-Ka-2 0.2873 | 0.2902 | 0.5105 | 0.3738 | 0.3435 | 0.6029 | 1.0806 | 0.8405 | 0.4509 | 0.9706 | 1.0327
Eigen-Plain 0.3667 | 0.3607 | 0.6912 | 0.4901 | 0.4601 | 0.6894 1.290 1.124 0.5517 | 1.2117 | 1.1091
Eigen-Ka 0.2678 | 0.2521 | 0.4934 | 0.3481 | 0.3236 | 0.5566 1.061 0.7661 | 0.3918 | 0.8702 | 0.8544
Nister-5pt 0.5199 | 0.4865 | 0.9367 | 0.6938 | 0.6822 1.064 1.924 1.5309 | 0.7604 | 1.5082 | 1.5175
Evgeniy-4pt | 0.3312 | 0.3153 | 0.5496 | 0.4237 | 0.6227 | 0.6022 1.162 0.9371 | 0.5118 | 1.0949 | 1.0747
\Nigfez;? Nk \igfai;? pEES
(@) (b) (@) (b)

Fig. 5. Relative rotation errors for various methods. Figure (a) shows the
errors with different numbers of points. Figure (b) depicts the errors with
varying levels of noise. Relative rotation angles are assumed to be perfectly
known.

set of 3D world points randomly around the origin with
distances varying between 2 and 20, retaining points that
lie fully inside the Field of View (FOV) of both cameras.
Both cameras are assumed to have the same focal length
800, image width 1600, and image height 900. The default
number of points is 25, and the default noise level is 2
pixel. By running all solvers 200 times, the median errors
are calculated, and the results are shown in Fig. 5 and 6. In
Fig. 5, the relative rotation angle is assumed to be perfectly
known. In Fig. 6, we perturb the relative angle 6 with
uniform noise in the range [—0.026,0.026]. We observe only
a minor degradation in performance for methods that use
noisy relative angles in Fig. 6. Not surprisingly, non-minimal
solvers outperform their competing minimal solvers by a
large margin, and knowing relative angles significantly im-
proves the accuracy. The eigenvalue solver Eigen-Plain beats
the competing SDP solver SDP-Plain in our experiments,
which differs from the findings in [14]. This is because we
initialize the relative rotation with the ground truth value in
Eigen-Plain. Furthermore, increasing the number of points
benefits non-minimum solvers significantly while improving
minimal solvers’ performance only mildly. SDP-Ka-1 is less
accurate than SDP-Ka-2 in high noise cases, demonstrating
the benefit of including redundant constraints.

To test the proposed techniques on real-world data, we
choose sequences from the Euroc dataset [27]. To construct
the correspondences, we extract FAST [37] features and
find feature matches between consecutive images in the
left camera from forward and backward optical flow [38].
Point correspondences with correct optical flow are further
filtered by the fundamental matrix [1]. Using the intrinsic

Fig. 6. Relative rotation errors for various methods with noisy relative
angles. Figure (a) shows the errors with different numbers of points. Figure
(b) depicts the errors with varying levels of noise.

parameter provided in [27], we obtain the corresponding
bearing vectors. To avoid having too small baselines between
consecutive images, we reduce the number of images in the
sequences by taking only every fourth image. For each image
pair, we sample 60 point correspondences for later computa-
tion. The relative angle is calculated by integrating gyroscope
data. We remove a fixed bias [—0.00239,0.0222,0.0768] "
from gyroscope data in all sequences. This bias is calculated
by averaging the gyroscope data over one static period. This
simple processing yields very accurate relative angle mea-
surements, as seen in Fig. 2. Table I shows the mean rotation
errors of the compared methods. We again see that employing
more correspondences improves accuracy, and knowing the
relative angle boosts the estimation considerably. Besides,
despite the fact that they converge globally, SDP solvers are
less accurate than local eigenvalue solvers [16].

VI. CONCLUSIONS

In this work, we present non-minimal solutions to the
relative pose problem with a known rotation angle. In SDP
solvers, the angle constraint is expressed as a quadratic
constraint on the essential matrix. The eigenvalue solver,
however, optimizes directly along the rotation axis to find the
optimal solution. We show that gyroscope data can produce
highly accurate relative angles. We illustrate how employing
non-minimal correspondences improves accuracy. Experi-
ments also demonstrate that solvers who know the relative
angle provide more accurate estimates than those who do
not. One could argue that, in the same way that gravity
data from accelerators is widely used, relative angle data
from gyroscopes should not be neglected when determining
relative pose.
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