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Abstract

Traditional visual odometry approaches often rely on estimating the world in the form
a 3D cloud of points from key frames, which are then projected onto other frames to
determine their absolute poses. The resulting trajectory is obtained from the integration
of these incremental estimates. In this process, both in the initial world reconstruction as
well as in the subsequent PnP projection, a rotation matrix and a translation vector are the
unknowns that are solved via a numerical process. We observe that the involvement of all
these variables in the numerical process is unnecessary, costing both computational time
and accuracy. Rather, the relative pose of pairs of frames can be independently estimated
from a set of common features, up to scale, with high accuracy. This scale parameter
is a free parameter for each pair of frames, whose estimation is the only obstacle in the
integration of these local estimates. This paper presents an approach for relating this
free parameter for each neighboring pair of frames and therefore integrating the entire
estimation process, leaving only a single global scale variable. The odometry results
are more accurate and the computational efficiency is significantly improved due to the
analytic solution of the relative pose as well as relative scale.

1 Introduction

Odometry, the procedure for the construction of the trajectory of a moving platform from
sensor has become an increasingly important problem, mainly due to an increasing range
of applications, e.g. robotics [14], autonomous driving cars [6], drones or unmanned aerial
vehicles(AUV) [7], and personal navigation. In recent years, visual odoemtry (VO), the pro-
cedure for the construction of the trajectory of a moving platform from videos captured by
one or more camera mounted on moving platform has become more popular, when compared
to alternatives such as radar and GPS-based odometry, mainly because it is more affordable
and applies to a longer range of environments.

The key problem in visual odometry is to estimate the pose of a moving platform, namely 3
parameters for rotation and 3 parameters for translation, from correspondences between pairs
in input image sequences. Specifically, after computing the correspondences, the pose pa-
rameters of each image was estimated by solving an optimization problem, associated with
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an outlier rejection scheme such as RANSAC. Such methods have reached an impressive
level of performance in benchmarks. However, (i) the optimization process can sometimes
suffers numerical issue which prevent it from reaching the global minimum, and (ii) the cost
of RANSAC, or alternative scheme, is relatively high.

This paper proposes a novel scheme when the computation of the magnitude of the transla-
tion vector 7, scale A, is separated from the computation of the rotation matrix R and the
direction of the translation vector 7' = % The latter five parameters are solved analytically
while the former single parameter of scale is computed using RANSAC. This procedure
avoids an explicit reconstruction of 3D points thus avoiding both triangulation errors and the
computation time necessary for it. The analytic computation of (R, 7") and the 1D RANSAC
computation of A results in a significant improvement in computation time as well as a sig-
nificant improvement in robustness.

The rest of the paper organized as follows: in Section 2, related literature is presented. In
Section 3, the proposed method is described. Finally, in Section 4, experiments are described
and results are presented.

2 Related Works

The main problem of visual odometry is to estimate the relative pose of a moving camera
from frames of a video sequence. Nister [17] use the "five-point algorithm" to solve the rel-
ative rotation and translation, up to a scale, among two consecutive frames. Note that scale
remains ambiguous because scale cannot be computed from correspondences, since both the
embedding spaces and the distance to camera can be scaled leading to same correspondence
(metric ambiguity). Scale ambiguity has been traditionally resolved through sensor-based
estimation of depth at feature points, typically either through calibrated stereo pairs [14] or
RGB-D cameras [9]. Once depth is available, feature points in each image become a cloud of
3D points which can be put in correspondence with another cloud of 3D points from another
image, thus estimating the scale, or the magnitude of the translation vector [5]. Alternatively,
the cloud of 3D points reconstructed from one image can be projected onto a second image,
and the pose is varied to minimize the reprojection error among corresponding points [3]; or
with RANSAC-based outlier rejection [10].

The computation of pose from a pair of frames can be erroneous. Further more, pose esti-
mation error from a pair of frames can propagate to subsequent frames. A set of methods
aimed at using a large number of frames to robustly estimate pose, typically through bundle
adjustment, which then gives global pose and global 3D reconstruction. This has been suc-
cessfully employed by SLAM systems [2, 11, 15], which compute both the trajectory as well
as the 3D world. An analogous system that is solely focused on the trajectory [18] combines
feature tracking, pose estimation and local bundle adjustment which reached state-of-the-art
performance.

Bundle adjustment is a powerful tool in preventing drift in pose estimation. its computa-
tional cost is relatively high. An alternative approach to regularizing pose estimation among
frames is the use of a motion model which typically uses one parameter [8, 19, 20] or two
parameters [22] to estimate the pose among consequent frames. This type of approach is
appropriate for cars which satisfy this motion model.

The idea of decoupling scales was also inspired by the works in network localization area. [21]
uses the composition of rigid motions and the graph cycle basis to calculate the global scale
within a sensor network given the bearing vector between sensor pairs only. [1] deploy the
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similar idea onto Structure from Motion problem for computing the over all scale given only
the rotation matrix and the direction of translation vector among camera pairs. Our approach
has two main differences comparing to these works. (i) In our application, rigid motion can
only be reliably estimated locally between adjacent frames but face extreme challenges in
estimating pose between more distant frames as the number of correspondence drops ex-
ponentially. Thus the composition of rigid motion is not always possible. (ii) Our scale
estimation procedure links together the observation space and the parameter space, i.e., un-
like the bearing-only problem, our method make use of the image correspondence as clue of
scale estimation.

° ° 3?
° [ ]
- — ® Keyframe
trajectory .
e @® non-Keyframe
Rog, AasThs ® 3D Points

Ry 9, >\1,2T1,2 Aa2=1

Figure 1: The traditional approach begins with a reconstruction of the 3D world in the form
of an unorganized cloud of points by matching features from two initial keyframes, /; and .
The reconstructed 3D world is then used to determine poses of non-keyframes and keyframes
by first tracking features and determining the pose using PnP. The reconstruction is incre-
mentally enriched and adjusted with each new frames.

3 Our Approach: Dissecting Scale

Let the relative pose of two cameras generating two views, I; and I;, be denoted by the
rotation matrix R; ; and by the translation vector 7; j = 4; ]Tl j» where A; ; is the magnitude of
T; ; and f, ; 18 the unit vector representing the direction of 7; ;. This means that the expression
of a 3D point I in the coordinate frame of camera i, I';, is related to its expression in the
coordinate frame of camera j, I';, as

;= Ri,Ti+ 2T . 1

It is a standard exercise in multiview reconstructions the Essential Matrix can be computed
from a sufficient number of corresponding features in the two images. The Essential Matrix
then gives R; ; and T, j» leaving it as a free parameter. This implies a family of reconstructions
which can scale linearly as determined by the parameter 4; ;, commonly referred as the met-
ric ambiguity in multiview reconstruction. A standard approach to visual odometry selects a
number of keyframes, say every other five frames, and computes the relative pose of adjacent
keyframes as described above, Figure 1. For example, for keyframes /; and I, the relative
pose is computed from corresponding features, in the form of (R 2, Tl,z), This reconstruc-
tion also gives a 3D cloud of points, which is necessary to compute the relative pose in the
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intervening frames, as the yellow arrows shown in Figure 1. Specifically, once the 3D cloud
of points is computed from keyframes I and I, features are tracked in the frames between
I, and Iz and the correspondence between tracked features and their 3D reconstruction is
used in a standard PnP pose estimation [13] to give (R23, A2 3 T2,3), with no additional scale
ambiguity beyond the assumed initial scale A; 5. The pose of each new frame is determined
using numerical optimization to solve for (R 3, A2 3 T273), (R34, 134@74)’ etc.

We observe that the optimization to solve from these six unknowns can be decomposed
into estimating (R 41 ,YA},_V,ZH) and estimating 7L,1,,,+1. The first step is straight forward since
(R,,V,,H,YA",,_VHH) can be computed directly from "five-points algorithm" [16]. What remains
is the estimation of a single scale A, ,1. This approach has two distinct advantages. First,
the estimation of (R,,,,,+1,7A",,7,,+ 1) should improve when we estimate it from the large num-
ber of matched features between the two keyframes (A, A3), typically, 2000 features, as
opposed to those matched features of (A;, A>) which can be tracked to A3z, say 500 fea-
tures. This improvement is demonstrated in Figure 3. Second, the independent estimation of
(R,,y,,+1,f",,‘n+1) leaves a single variable A, ,1 between frames A, and A, 11, i.e., 112, 223,
A3 4, etc. We now show below that the scale between each adjacent frames can be related to
that of a previous adjacent pair of frames using only a single tracked features.

trajectory
@® Keyframe

@ non-Keyframe

Ry, )\1.,2T1,2

Ry 3, )\2737;2.3 R A3’4T3‘4

Figure 2: The proposed approach determines the relative pose of each pair of adjacent
keyframes from matching features, giving (R, 41, f),,,,+ 1) but leaving a free scale variable
Apny1 for each pair of frames. In this paper we show how to calculate scale for adjacent
pairs of frames. We show that scale-independent estimation of (R, 41, TMH) from the full
set of features improves robustness.

Proposition 1. (Linking metric ambiguity between adjacent pairs): Consider three frames
I, I and I;, and three corresponding image points 1, > and 3, one per frame, all arising
from a single 3D point I'. Let a pair of images I; and I; be related by relative pose R; ;,
l,-.jf",-.j as in Equation 1, i, j € {1,2,3}, Figure 2. When (Ri j, 7A",-,j) are available but the scale
of translation A; j is unknown, the ratio of scales satisfies

has _ el Ton) = (5 Taa) (el n)I(ef Ragta) (] 15) — (] Ra1o)]
Moo [(efTa3) — (X Tas) (el 1)][(ef Runya) (ef 1) — (e Raam))
where el =[1,0,0], el =0,1,0] and e3T =[0,0,1].

Proof. LetT'y = p1y and I'; = py}», where p; and p, are depths of point I" in cameras 1 and
2, respectively. Then the inner product of coordinate vectors el el and el with Equation 1

gives three equations for the three unknowns pj, p, and 4, »:
pa(elp) =pi(eTRion) +Aip(el T o)

p2(el 1) =P1(6’5R1,2Yl)+1172(€§AT1,2) 3)
pa(el ) =pi(elRion) +Mi2(ed Th2).

@)
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Figure 3: Direct pose estimation between two frames based on direct matching of features is
more accurate than pose estimation based on tracking those features matched from a previous
frame. We use the ground truth scale in comparing PnP to direct estimation to illustrate the
improvement in isolation. This is shown for two distinct tracks.

Since el = 1, the last equation relates ps to p;

p2= (SR om)p1 + (€3 T12) A1 2. “4)

Substituting this into the first equation of Equations 3 we have:

, [ (T T1) = (i) (] 1) } -
YT LR () — (@ Rian) |
(eI'Th1) — (e To1)(el ) }
= : ’ A 6
P2 {(egTRz.le)(eﬁl)(€1TR2,1}’2) L2 ©

which gives p; and p, in terms of A, ». Thus for two images, I; and I, depth p; and p, can
be computed in terms of A; . Similarly, for two images I, and I3, depth p; and p3 can be
computed in terms of A, 3. This gives two expressions for p,, one in terms of A; » and one in
terms of A 3, i.e.,

= (el B) (el 1) (e 1)
P2 =ha (R 11)(ef 1) —(e] Ro,112) -
P2 =MN3 (e Tr3)—(e3T3)(e] 13)
7 (3 Ro3 1) (e] 13)—(ef Rogp)

Then the ratio between two scales is computed as

A3 _ (el To) — (ed Do) (e] 1II(eS Ra31) (e] 18) — (e] Raae)]
Az (el Th3) — (el Tas) (el 1)]l(el Raapp) (el M) — (€] Roim)]

®)

O

The proposition states that for a given triplet of images I, I, and I3, any triplet of corre-
spondences 71, 7> and 3 gives i% Theoretically, any other triplet of corresponding features,
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say ¥1, % and 75 should give the same value. Practically, however, there is a distribution of
estimates over this space of feature triplets, as demonstrated in Figure 4. One might be
able to compute an optimal estimate among the pool of scale ratios. However, there is no
foundations for minimizing error in the parameter space. Rather, the meaningful error is the
observation space, i.e., given a scale ratio, the extent of reprojection error when a pair of
correspondence is reprojected onto a third under this scale ratio. Our goal is to find an op-
timal scale ratio A 3/A; » that minimizes the trinocular reprojection error. Specially, given
triplets (71,72, 73), this scale ratio A> 3/A; 2 gives %3 as trinocular reprojection of y; and 7
and the error is ||y3 — 73||. An efficient optimization for A, 3/A, » is based on a highly effi-
cient one-parameter RANSAC where any given triplet suggests a value for A 3/, » and the
extent of inlier, where ||y3 — ¥3|| < €, where € is a distance threshold typically € = 1 pixel.
Figure 5 demonstrates the performance of this algorithms in determining the relative scale
with respect to ground-truth.

60 35

40

20

: [ 1 S—

(a) 0 1 2 3 a 5 (b) 0 05 1 15

Figure 4: The distribution of ":’“ for all features in the triple of image (1,,—1,1,,1,+1) shown
in full in (a) and magnified in (b). Observe that while the distribution is narrow, there is a
range of possible values. Also note there are some outliers which can easily be identified.

Disregarding these outliers we can examine the rest of the distribution.
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Figure 5: The comparing between ground truth relative scale and estimated relative

scale with our method. In this figure, our method can estimate corréct relative scale between
keyframes. There are several wrong estimations, which will propagate.

Trinocular Reprojection Error: The traditional approach to trinocular reprojection is to
first recover the 3D point by triangulation from two views and reproject onto a third view,
and measure the reprojection error, e.g., Figure 6, where two points ¥, and 7, triangulate
to give I' and the reprojection of I" into a third view gives 73. The distance between 3
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and 7; is the trinocular reprojection error. The difficulty in this approach is that rays from
two corresponding points y; and 7, rarely meet in 3D due to calibrations and discretization
errors. As such I' is typically taken as the a point minimizing the distance from these non-
intersecting rays.

Alternatively, 73 can be obtained by intersecting the two epipolar lines in the third view, one
arising from 7; and 7, in the third view.

(a2b1—aby)(asby —a1b3)—(asby —a1b3) (arb1 ~a1 by)

P = 14 _ B _ (aabz—aszby)(azhi—a\b3)—(azbi—a1b3)((@yb3—arbs) _ )
n (axb1—aiby)—(axb3—asby) (azbi—aiby)(azby—aibs)—(asbi—aibs)(arbi—aiby)
(azby—abs) (a2b3—asby)(azby—ab3)—(azby—a1b3)((a2b3—axb3)

where a; = eiTR1,3}/1, b; = eiTTLg, a, = eiTR273y2 and b; = eiTT2,3, as derived supplementary
material. This avoids an unnecessary compromise in accuracy as a result of approximation
in the 3D reconstruction and the subsequent projection.

72' Y2 .

I

(a) 1 (b) A

Figure 6: (a) The 3D reprojection error is typically computed by first triangulating points
and then reprojecting into another view. (b) Alternatively, the point can be directly estimated
without triangulation, effectively as the intersection of epipolar lines.

Monocular Visual Odometry: Our approach is that all (Rn7n+17Tn7,,+1) between adja-

cent keyframes are computed without involving the scale A, ,+1. In a addition, the previous

proposition and 1-D RANSAC approach gives the ratio i"i’l“ for all adjacent keyframe pairs.

What remains is to compute each scale A, ,41. One approach is to assume a single unknown,
say A = A1 2, compute all A, 41 in terms of A in cascade and then resort to techniques for
determining this global scale A, for example estimating the ground plane and known camera
height [12]. However, observe that any error in any stage of this sequential process propa-
gates errors, compounding the error in each subsequent stage.

Stereo Visual Odometry: Alternatively, when stereo imaging is available, instead of a sin-
gle frame I; we have a pair of frames from the left and right cameras, denoted by (I;, I;").
Observe that the stereo camera is typically calibrated so that the relative pose is known, with
a rotation matrix identity, R = I and absolute translation |7| = b. Thus, taking a triplet of
cameras, namely, (I, ,1, ,Il+ ), allows for computing the ratio of scales A; /b which is in
turn gives A>. This local computes of scale avoids a global, cascaded scale determination,
thus preventing propagation and compounding of errors. Observe that this can be done in a
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"forward" manner, Figure 7(b) or in a "backward" manner, Figure 7(c), allowing for a reg-
ularization of local scale based on two distinct and independent set of images. In addition,
the continuity of absolute scale can be gauged by measuring relative scale in a sequential
fashion, Figure 7(d). The overall method for doing stereo odometry is shown in Algorithm
1.

_ ® Keyframe
Il @ non-Keyframe
Iy Iy
~_Ir ~_1 ~
I3 I; L
A —_ _ I> I3
I
+ + I I
I I3 I 1 o1 %
(a) (b) (© (d)

Figure 7: (a) Stereo visual odometry provides absolute scale and prevents propagation of
scale errors. (b), (c) different ways of establishing absolute scale. (d) regularization of
absolute scale.

Input:Correspondence between a calibrated stereo keyframe I;“ and /;~ with baseline
b and between frame /; and subsequent frame I, .

Output:Relative Pose Ri > A1 2 TLZ and 7,05

Parameters:Max number of iterations N,,,,, = 50, € = 1.

Initialization: Apply the five point algorithm to /;” and I, to calculate Ry > and flﬁz;
Fmax = 0, N =0.

while N # N, do

Randomly select a triplet of points correspondence on I, , I, , I]+ Jie,y €1,
Y% €L ,and Y €1

Calculate scale % using Equation 2 and find A, »;

Calculate inlier ratio r of points with |y, — %, | < € over all points for R; > and

MaTio;
Fimax := Max(Fuax, 1);
N:=N+1;

end

Algorithm 1: Stereo Odometry Method.

4 Experiments & Results

Dataset and Experiments: Evaluation was performed on the KITTI benchmark [4], where
dataset are captured at 10Hz by driving around the city, organized in ten tracks covering
scenes from urban areas, rural areas, and highways. Our method is evaluated on tracks 00-
10 with the exception of 01, which does not contain sufficient features to track. Odometry
results for track 00 and track 07 are reported here, while the odometry results for the remain
tracks are reported in the supplementary materials.

Results and Discussion: KITTI benchmark contains accurate ground truth of both rotation
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Figure 8: The result of KITTIOO. (a) Output path. (b) Comparison of rotation error. (c)

Comparison of translation error. The result of KITTIO7. (d) Output path. (e¢) Comparison of
rotation error. (f) Comparison of translation error.

and translation frame by frame, This allowing for a detailed comparison of results from the
standard PnP approach and ours. We have avoided bundle adjustment or other refinement
approach for the comparison.

The computed trajectories for track 00 and track 07 are shown for the PnP approach and our
approach in comparison to ground-truth, in Figure 8(a) and (d). Observe that the trajectories
computed from our approach is closer to ground truth throughout the path, especially near
the end. We has also plotted rotation error and translation error for track 00 in Figure 8(b)
and (c), respectively, and the same for track 07 in Figure 8(e) and (f), respectively. It is clear
that there is a significant improvement in each for our method as compared to classical PnP.
In addition to improving the accuracy of the trajectory computation, our method also im-
proves in the computational requirements. Since our method and classical PnP method share
the same feature correspondence method, we compare the pose estimation computation time.
For the PnP method, the average running time is 0.65s per pair of keyframe, as compared to
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0.38s for our method, a 41% improvement.

Estimating speed: The scale A, ,; is effectively the distance between two keyframes,
which when normalized by the time difference between them gives the speed of the vehi-
cle. We compare speed using the PnP method and ours against ground truth and also plot the
distribution of error. These results clearly indicate that our approach estimates scale more
accurately, Figure 9. Further details on other tracks can be found in supplementary materials.
As an overview of the result on other tracks, Figure 10 plots the average translation, rotation,
and speed error on all tracks we have experimented on.

o Speed - PnP vs Ground truth ,o_SPeed - Our method vs Ground truth (Speed error distribution - PnP vs Our method
|——Our method [=—PnP
& " Ground truth ol Ground truth o35 —Our method
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Figure 9: A comparison of scale/speed estimation of the PnP-based algorithm (left column)
and ours (middle column) against the ground truth. The distribution of errors are plotted in
the right column. Rows corresponds to tracks 00 and 07 of KITTL

4 Translation Error(%) Rotation Error (deg\m) 8 Average Speed Error (%)
3 0.015 6
2 0.01 4
0.005
1 2
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=PnP = Our Method =PnP= Our Method PnP = Our Method

Figure 10: All tracks we experimented on. Left: Average translation Error. Middle: Average
Rotation Error. Right: Average Speed Error.

5 Conclusions

In this paper, we have shown that the key problem in visual odometry is to estimate the rela-
tive scale between two frames. The rotation matrix and unit translation vector can be easily
solved with existing techniques. This paper proposed a closed form solution to estimate the
relative scale ratio between three views. The experimental result on KITTI benchmark shows
that our method is effective and efficient.
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