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Abstract. We present a low cost localization system that exploits dense
image information to continuously track the position of a range cam-
era in 6DOF. This work has two main contributions: First, the local-
ization of the camera is performed with respect to a set of keyframes
selected according to a spatial criteria producing a less populated and
more uniform distribution of keyframes in space. This allows us to avoid
the computational overload caused by having to estimate a depthmap
at the frame rate of the camera as it is common in other dense sequen-
tial methods. Second, we propose a two-stage approach to compute the
current location of the camera with respect to its closest keyframe. Dur-
ing the first stage, our system calculates an initial relative pose estimate
from a sparse set of 3D to 2D point correspondences. This estimate is
then refined during the second stage using a dense image alignment.
The refinement step is stated as a Non Linear Least Squares (NLQs)
optimisation embedded in a coarse to fine approach that minimizes the
photo-consistency error between the current image and a warped version
of the image associated to the closest keyframe and its depth map.

To validate the accuracy of our system, we conducted experiments
using datasets with perfectly known trajectory and with both, perfect
ray-traced images and images with noise and blur. We also evaluate
the accuracy of the system using datasets with RGBD images taken at
different frame-rates, and the improvements in convergence due to our
coarse-to-find approach. Our assessment shows that our system is able
to achieve millimeter accuracy. Most of the expensive calculations are
carried out by exploiting parallel computation on a GPU.

Keywords: Localization using dense techniques · Range camera ·
6 DOF · Keyframes · Non linear squares optimization · Parallel com-
puting · Noise and blur · Different frame rates · Coarse-to-fine scheme

1 Introduction

The aim of (Simultaneous Localization and Mapping, SLAM) is to estimate the
position of a mobile platform moving in an unknown environment and, at the
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same time, build a map of this environment in an incremental way. Many solu-
tions have been proposed using different sensor modalities; sonar rings, laser
scanners, perspective cameras, omnidirectional cameras, stereo cameras, inertial
sensors, and combination of them. Due to its versatility and low cost, vision-
based SLAM systems have shown great potential in the fields of mobile robotics,
augmented reality, wearable devices, user interfaces, surgical procedures, among
others. Popular visual SLAM systems use sparse features such as corners [6],
edges [12], or planes [18], and have as principal goal to localize the camera.
More recently, dense techniques for localization and mapping have gained atten-
tion [14]. They do not use sparse features but all pixels in the image, show-
ing better accuracy for the localization and providing high quality maps. For
achieving real time performance these dense methods are based on optimization
algorithms implemented on GPUs. Moreover, the mapping and localization algo-
rithms run in parallel, on two or more CPU cores or GPUs, without the need
of propagating a joint probability of the camera-features estimates. With these
techniques more accurate estimates of trajectories (even with fast motions) and
more robust augmented reality applications are obtained.

We can find three main frameworks in the literature about tracking the posi-
tion of a camera using dense information: frame-to-frame [16] (when the pose of
the camera is computed with respect to a locally generated depth map), frame-
to-model-vertices [15], frame-to-model-TSDF [2]:

In frame-to-frame approaches using the current image IRGB
c and a reference

image IRGB
r with its corresponding depth map Idepth

r we can compute the relative
transformation between both as follows: using an initial estimate of the relative
position between the current and the reference image we can use the Idepth

r

and IRGB
c to create a warp image IRGB

warp that should resemble the reference
image IRGB

r . We can then calculate the differences and correct accordingly the
transformation in order to reduce them.

In a frame-to-model-vertices approach the idea is to estimate the pose of the
current camera with respect a continuously built 3D dense model. Given the
current depth map at time k a set of vertices and normals can be calculated
from it (Vk, Nk) respectively. From the model and the current estimate of the
pose of the camera with respect to the model we can make a prediction of these
elements (V̂k, N̂k). Again, comparing the observations with the predictions we
can correct the current pose estimate.

Finally in frame-to-model-TSDF approaches the camera is also localized with
respect to the model but instead of predicting vertices and normals what is
compared are the values of the truncated signed distance function (TSDF) used
to represent the model.

The advantage of the model based approaches is that drift in the camera
pose does not accumulate if the model is continuously observed. In the case of
the frame-to-frame approach, the advantage is that a model is not required to
compute the trajectory of the camera. In that sense, model based approaches
are more similar to Bundle Adjustment techniques whereas frame-to-frame ones
to Visual Odometry algorithms.
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In this paper, we focus on the problem of continuously localizing an RGBD
camera that moves freely in 6DOF following a frame-to-frame approach. Our
contribution is in the use a set of depth maps available only for a set of selected
frames or “keyframes”. In this way, we can overcome the computational payload
that commonly whips other visual localization systems. These techniques will
be used in a posterior work together with a dense mapping module for making
localization and mapping using only a monocular camera.

In Sect. 2 we analyse the most important sparse and dense localization sys-
tems. In Sect. 3 we focus on the proposed technique for dense localization of a
range camera with keyframes. We provide details about the criteria for keyframe
selection, the 3D-2D visual odometry technique used for getting an initial pose
estimate and the refinement of the camera pose with NLQs. Our experiments
and the results of the performance of the algorithms implemented on graphic
processor are explained in Sect. 4. Finally, we draw our conclusions and future
work in Sect. 5.

2 Related Work

Cameras are inexpensive sensors that provide rich information from the observed
scene, therefore becoming an ideal sensor for many robotics applications with
embedded visual navigation systems. In addition, increase in computing power
and new developments in computer vision techniques (e.g. robust feature detec-
tors, outlier rejection and matching algorithms) allow their use in real time
applications. In robotics, the first visual SLAM systems proposed were based on
the Extended Kalman Filter (EKF) estimator [5,6]. Other systems have excelled
for introducing novel techniques such as patch association and planes-based map
building [18], inverse depth parametrization [4] and large scale SLAM [17]. Unfor-
tunately, these approaches provide a sparse map representation, only hundreds
of points can be estimated at a given instant, which limits the accuracy of the
camera localization.

The system presented in [11] radically changed the filtering paradigm used
until that moment to non-linear optimisation techniques using keyframes. This
system is pioneer in balancing the computations between two CPU cores, one
for localization and the other for mapping respectively. It uses a Five-Point
algorithm [20] to initialise the system. As we mentioned before, keyframes are
selected to reduce the computational complexity of the optimization. Camera
tracking is still carried out on the intermediate camera frames by re-projecting
the estimated 3D points and minimizing a photoconsistency error. Despite this
approach is able to create very accurate maps in real time, it represents the
environment sparsely. The map can only contain up to 6000 points and 120
keyframes. Nonetheless, this work represents a transition between sparse and
dense systems. In our approach, we also use keyframes to track the position of
the camera.

Recently, [21] proposed a mapping approach able to compute dense depth
maps from monocular images. In this context, dense means that every pixel in
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the image contains an estimate of the depth to the corresponding object in the
scene. Depth maps are computed by minimizing an energy function composed of
a regularisation term and a photometric term (data term). A generalized thresh-
old scheme is used for minimizing the photometric error of the energy function.
The localization is based on bundle adjusting a set of keyframes [11] on a CPU.
The system can reach 24 fps for a depth map resolution of 480 × 360 when a
GPU is used to calculate the depthmaps. Similarly, the work in [16] builds high
quality dense maps of small environments using a GPU and a monocular camera
in real time. Again, depth maps are obtained by minimising an energy function.
The main difference with respect to the previous approach is that a decou-
pling scheme is implemented during the optimization. This way, the problem is
decomposed into two tied minimization problems. In the first problem, a convex
energy function composed of a regularisation and a quadratic terms is minimized
using a primal-dual algorithm [3]. For the second problem, an exhaustive search
is carried out over a finite range of discrete inverse depth values. The camera
is localized by aligning the current observed frame to a synthetic one created
using a nearby image and its depthmap. The camera motion corresponds then to
the relative transformation that produces the best alignment between the actual
and the synthetic images. A pyramid of images is built to accelerate convergence
allowing faster motions of the camera. The initialization of the system is similar
to [11].

The large scale direct monocular SLAM system LSD-SLAM [7] uses direct
image alignment and filtering-based estimation of semi-dense depth maps. In
addition to the photometric residual, the authors incorporate a depth resid-
ual which penalizes deviations in inverse depth between keyframes, allowing to
directly estimate the scaled transformation between them, operating on Sim(3).
Moreover, the effect of noise depth values is included probabilistically into track-
ing. The global map is represented as a pose graph consisting of keyframes as
vertices with 3D similarity transforms as edges. The system detects loop closures
and scale-drift, and runs on real-time on a CPU.

In [19] an energy-based approach to estimate the rigid body motion of a
handheld RGB-D camera for a static scene is presented. The reprojection error
is defined such that the warped second image matches the first image, using con-
secutive images of the trajectory. The authors minimize this non-convex repro-
jection error by a sequence of convex optimization problems obtained by lin-
earizing the data term and solving the resulting normal equations in a coarse to
fine manner. This system is better than the iterative closest point ICP algorithm
for continuous camera tracking and is able to perform at 12.5 Hz on CPU.

3 Dense Localization Algorithm

In this section we are going to explain the main processes developed for estimat-
ing the camera pose using a dense technique. Without loss of generality, consider
a sequence of images Ici , for i = 1 : m, gathered by the camera. Our aim is to
estimate the relative transformation Trjci , for j = 1 : n, at each frame, where
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rj is the closet keyframe. Algorithm 1 presents the order in which the processes
are carried out.

Since a coarse-to-fine scheme is used, the Tcr obtained after convergence in
a level is used in the following lower level as initial estimate, improving con-
vergence, specially in lower levels where the computational cost is higher. The
Levenberg-Marquardt iterates until the stopping criteria is fulfilled: the norm of
variations in the motion vector is small (less than a threshold ε) or the number
of iteration reaches the maximum value itermax.

Algorithm 1. Relative transformation using dense information
Data: Current Intensity Image Ic, Reference Intensity Image Ir and Reference

Depth Image Dr.
Result: Relative Transformation Matrix Tcr.

Compute the initial Tcr

Build a four level pyramid for Ic, Ir and Dr

Define the maximum number of iterations itermax for each level
for level l = 4 : 1 do

Compute the warped Image Iw, the residual r, the cost C and the Jacobian
J for level l
iter=1
found=false
while (found==false) and (iter < itermax) do

Compute the variation in the motion vector dξ = (J ′J + αI)−1J ′r
where ξ is the minimal parametrization of the motion
Update the new Relative Transformation Tcrnew using dξ:
Tcrnew = expSE3([dξ]x) ∗ Tcr

Compute the new warped Image Iwnew and the new cost Cnew

if dξ < ε then
found=true

else
if Cnew < C then

Update the cost C, the relative transformation Tcr and the
warped Image Iw with the new values
Compute the Jacobian J
Update α, α ← α

10

else
Update α, α ← α ∗ 10

iter++

Use the estimated Tcr as initial value in the next lower level

The camera trajectory is obtained concatenating relative transformations,
e.g. Twr1Tr1r2Tr2r3 ...Trj−1Trj

Trjci , where the world coordinate system corre-
sponds to the coordinate system of the first keyframe, therefore Twr1 = [I | 0].
A dense model of the environment can be generated using the poses and depth
maps from keyframes Twrj

,Drj
.
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In the remaining of this section we will describe the criteria for keyframe
selection, the calculation of an initial pose estimate, how to refine this estimate
using a photometric error obtained by aligning the warped and observed images,
and finally, its minimization using Levenberg-Marquardt.

3.1 Keyframe Selection

The mapping and global optimization is performed only for certain frames of
reference in order to achieve higher performance. These frames are known as
keyframes and are selected according to certain temporal and spatial criteria
[11].

Fig. 1. The camera trajectory is drawn in cyan. Keyframes rj are drawn with their
local coordinate systems. They are selected based on a time criteria, e.g. for every nine
images a new keyframe is initialized.

For the sake of simplicity, Fig. 1 shows an example of keyframes selected
based just on a time criteria. Each keyframe rj has a transformation matrix
Twr, an RGB image Ir and a depth map Dr. The system saves all keyframes
with its corresponding information, which allows it to initialize new keyframes,
estimate the relative pose of the current image Ic with respect to the nearest
keyframe and perform optimization for getting a consistent map and trajectory.

We set thresholds to the displacement and to the change in orientation (no
time criteria): our system initializes a new keyframe when the displacement with
respect to any other keyframe is greater than 0.13m or when the sum of changes
in orientation with respect to the last keyframe (around X, Y and Z axis) is
greater than 30◦. Thus, if the displacement and change in orientation of the
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camera is smaller than these thresholds, no new keyframes will be initialized. In
this way, the map is compact in the sense that it does not grow arbitrarily with
time due to little or no movement, even with repeated movements in restricted
areas as we will see in the results section.

The frame of the camera when the system is initialized is taken as the first
keyframe, with transformation matrix Twr1 = [I | 0]. For the following images Ici ,
the position of the previous image is used to define the nearest keyframe. The
estimate of relative motion is performed considering the correspondence between
the RGB image associated to the nearest keyframe and the current image. The
pose of the new image is defined as Twrnear

Trnearci .

3.2 Initial Pose Estimate

In the motion estimate process the relative motion between the current image
and the nearest keyframe is computed. There are three methods for computing
the relative motion Tcr between images Ir and Ic using two sets of corresponding
features fr and fc:

– 2D to 2D. Both fr and fc are specified in 2D image coordinates.
– 3D to 3D. Both fr and fc are specified in 3D.
– 3D to 2D. fr are specified in 3D and fc are their corresponding reprojections

on the image Ic.

We are interested in 3D to 2D methods where the transformation Tcr is
computed from correspondences between 3D points χr and 2D points pc. χr

can be obtained from the depth map Dr associated to the reference image Ir,
it means, the image taken from the keyframe. We use the depth map loaded
from the dataset of A. Handa [9]. In Fig. 2 we can see the RGB image Ir and its
corresponding depth map Dr.

We apply a SURF feature detector and a SURF descriptor extractor to Ir

and to Ic which belongs to the set of images associated to Ir, that is Ici for
i = 1, 2, 3, ...,m. Then a matcher based on the FLANN algorithm computes the
matches between SURF descriptors of both images. The matches are validated
if they fulfil three conditions. The first one is that the distance between the
two matched descriptors is smaller than a threshold. The second one is that the
correlation index between a patch around the descriptor in Ir and the descriptor
in Ic is greater than a threshold. The final one is that the matches are inliers
when the fundamental matrix is computed using RANSAC. This means that the
descriptor in Ic must lie on the corresponding epipolar line.

We set the threshold in distance to five times the minimum distance between
all matches and the correlation index threshold to 0.7. Finally, as the goal is to
find Tcr that minimizes the image reprojection error, we apply a solver based on
PNP algorithm that uses RANSAC for outlier rejection

arg min
Tcr

∑

k

||pk
ci − p̂k

rj
||2, (1)
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(a) RGB image loaded
from the dataset. This is
a synthetic environment
with small camera motions
around the desk.

(b) Depth map loaded from
the dataset. It is used just for
keyframes

Fig. 2. Perfect ray-traced RGB Image (a) and Depth map (b) of the dataset of A.
Handa [9]. They are used for computing the initial pose estimate and for the posterior
refinement.

where p̂k
rj

is the reprojection of the kth 3D point χk
rj

into image Ici according to
the transformation Tcr. The transformation of a feature pk

rj
with 2D coordinates

μ to a spacial coordinate χk
r and the transformation of a spacial point χk

c = Tcrχ
k
r

to a point in the image plane ci, p̂k
rj

, are described in Subsect. 3.3.

3.3 Pose Refinement

The goal of the localization algorithm is to estimate the relative transformation
matrix between two camera poses Tcr (Fig. 3) using all the depth data Dr of the
associated keyframe and all the intensity data of Ir and Ic. The camera pose of
the current Image Cc is given by Cc = TcrCr, where Cr is the camera pose of
the reference image. The current image is warped with the transformation Tcr

in order to compare it with the reference image. In case the transformation Tcr

is the true 3D transformation between the two cameras, the images Ic and Ir

should be identical and the residual should be zero [1].
The warping consists in projecting the reference depthmap Dr into 3D space,

transforming by Tcr and projecting back into the current image Ic. Algorithm 2
summarizes the steps of this process. K is the intrinsic calibration matrix, π
represents the function that computes normalized homogeneous coordinates and
μ̂ is the homogeneous version of the coordinate in the image plane. A residual
function is defined as the difference between Ir(μ) and Iw(μ),

r(μ, Tcr) = Ir(μ) − Ic(Kπ(TcrDr(μ)K−1μ̂)). (2)

Since the depth Dr(μ) is known, Tcr is defined as the argument that mini-
mizes the residual function. Tcr is a homogeneous transformation matrix defined
by a rotation matrix Rcr and a translation vector t,

Tcr =
[

Rcr t
0 1

]
. (3)
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Fig. 3. Current image Ic and reference image Ir with their corresponding local and
global coordinate systems. The transformations that relate coordinate systems are
drawn in red. (Color figure online)

Algorithm 2. Warping an Image
Data: Current Intensity Image Ic, Reference Depth Image Dr, Transformation

Tcr and Intrinsic Matrix K.
Result: Warped Image Iw.

Transform coordinates in the image plane Ir to spacial coordinates:
χr(μ) = Dr(μ)K−1μ̂
Change of coordinate system: χc(μ) = Tcrχr(μ)
Transform spatial coordinates to coordinates in the image plane: μ́ = Kπ(χc),

where π(χc) = (Xn, Yn, 1)T =
(

Xc
Zc

, Yc
Zc

, 1
)T

Compute the warped Image: Iw(μ) = Ic(Kπ(TcrDr(μ)K−1μ̂)) = Ic(μ́)

The vector ξ = (w,v) represents the relative transformation matrix Tcr

with the smallest possible number of parameters. The orientation of the vector
w = (w1, w2, w3) defines the axis of rotation and the magnitude of the vector
defines the amount of rotation. The vector v = (v1, v2, v3) corresponds to the
translation t rotated over w.

An exponential mapping between the 6-element vector ξ in the Lie algebra
se(3) [23] to members of the group SE(3) is made, as in [11] with a motion model
and feature association (sparse techniques) or in [16] using a dense estimate of
rotation [13] and image alignment. Computing the exponential mapping involves
the operator [.]x, which maps a vector to its skew matrix,

expSE3([ξ]x) = Tcr, (4)
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where [ξ]x is

[ξ]x =

⎡

⎢⎢⎣

0 −wz wy vx

wz 0 −wx vy

−wy wx 0 vz

0 0 0 0

⎤

⎥⎥⎦ . (5)

The updated transformation Tcr is expressed as the product of an initial
transformation T0 and an update in the motion vector dξ = ξ − ξ0, that is,

Tcr = dT ∗ T = expSE3([dξ]x) ∗ T0. (6)

This way, the singularities are avoided since the incremental update is calcu-
lated in the tangent space around the identity (i.e. it is always very small) and
mapped back onto the manifold SE(3). With this transformation, the residual
defined in (2) is

r(μ, ξ) = Ir(μ) − Ic(Kπ(expSE3([dξ]x)T0Dr(μ)K−1μ̂)). (7)

Finally, the localization problem consist in finding ξ that minimizes the fol-
lowing cost function:

min
ξ

1
2

∫
[r(μ, ξ)]2dμ. (8)

This is a non-linear minimization problem that we solve with Levenberg
Marquardt [10]. Since r is non-linear and non-convex in ξ we linealize it using a
first order Taylor expansion:

r(ξ) ≈ r(ξ0) +
dr(ξ)

ξ

∣∣∣∣
ξ0

(ξ − ξ0). (9)

The quantity dr(ξ)
ξ is the Jacobian of r and is given by

J =

⎛

⎜⎜⎜⎝

∇r1(ξ)T

∇r2(ξ)T

...
∇ri(ξ)T

⎞

⎟⎟⎟⎠ , (10)

where ∇ri(ξ) is the derivative of the ith component of the residual vector.

Computation of the Jacobian. Lets define a function W for the warping
process

W (μ, ξ) = π(

p1n︷ ︸︸ ︷
KexpSE(3)([dξ]x)T0Dr(μ)K−1μ̂︸ ︷︷ ︸

p1

), (11)

where π(X) =
(

x
z , y

z , 1
)T , p1 denotes the transformed point and p1n is the trans-

formed back-projected (normalized) point. The residual can be written as

r(μ, ξ) = Ic(W (μ, ξ)) − Ir(μ). (12)
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The derivative of the residual can be written using the chain rule,

dr(ξ)
dξ

=
dIc(W (ξ, μ))

dW (ξ, μ)

∣∣∣∣
W (ξ0,μ)

dW (ξ, x)
dπ

∣∣∣∣
p1n

dπ(ξ, x)
dξ

∣∣∣∣
ξ0

. (13)

The first term dIc(W (ξ,μ))
dW (ξ,μ)

∣∣∣∣
W (ξ0,μ)

is just the image gradient of the warped

image ∇Iw(μ). The second term involves the projection π(�) and therefore

dW (ξ, x)
dπ

∣∣∣∣
p1n

=
[

1
z 0 −x

z2

0 1
z

−y
z2

]
. (14)

The third term dπ(ξ,x)
dξ

∣∣∣∣
ξ0

=
[

dπ
dwx

dπ
dwy

dπ
dwz

dπ
dvx

dπ
dvy

dπ
dvz

]
. Putting together all

these derivatives, it becomes

dπ(ξ, x)
dξ

∣∣∣∣
ξ0

= K

⎡

⎣
0 pz −py 1 0 0

−pz 0 px 0 1 0
py −px 0 0 0 1

⎤

⎦ . (15)

The first 3 × 3 submatrix is the negative skew matrix of the vector p1 and
the second 3 × 3 submatrix is the identity matrix. Equation (15) simplifies to

dπ(ξ, x)
dξ

∣∣∣∣
ξ0

= K [−[p1]x | I3] . (16)

Now that the Jacobian was defined, the variation in the motion vector dξ
can be obtained by solving (17).

JT Jdξ = −JT r. (17)

For the Levenberg-Marquardt method the Hessian can be approximated by
JT J + αI. For a large α the method approaches the Steepest Descent method,
while for a small α the method approaches the Gauss-Newton method. Generally,
the Steepest Descent works better further away from the local minima and the
Gauss-Newton approximation works better close the local minima where the
quadratic approximation is good [1]. We start with a small initial value of α,
α = 1e−3. After each iteration, the new cost is compared with the previous cost
(see Algorithm 1). If the cost has decreased, α is reduced by a factor of 10 and
the parameters are updated. If the cost has increased, the parameters are not
updated and α is increased by a factor of 10. Solving (17) is efficient because we
just need invert a 6 × 6 matrix and use dξ in (6).

4 Results

The dense localization algorithm runs on a laptop Hewlett Packard with a
processor Intel Core i7 - 2.2 GHz, 11.7 GB of RAM memory, a graphic proces-
sor NVIDIA GEFORCE 755M and Ubuntu 14.04 as operating system. OpenCV
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is employed for processing images, OpenGL for drawing the camera trajectory
and the keyframes, and Cuda 6.0 for getting a better performance using graphic
processor. The following analysis is made using the synthetic RGB-D dataset of
A. Handa [9] and is based on three criteria; time, convergence and accuracy.

4.1 Time

We have implemented the most important algorithms of the dense localization
module on GPU. The Jacobian is computed in 11.1ms in the lower level (the
full image, 640× 480 pixels). The warped image and the residual is computed in
3.9ms for the same level. The update in the camera position and orientation is
made in 5.3ms. The other algorithms are implemented on CPU. The building of
the pyramid is made in 1.6ms. The load of images Ir and Ici is made in 3.5ms.
The initial estimate is computed in 31.3ms.

The system processes 10 fps at the moment, for two iterations of the
Levenberg-Mardquart algorithm in the lower level of a four level pyramid. We
believe that this performance can be improved by implementing all the algo-
rithms of the localization module on GPU. This is left as future work.

4.2 Convergence

For analysing the performance of the algorithm when it uses a coarse-to-fine
scheme, we present the number of iterations required by the algorithm for con-
verging before and after implementing this scheme. In both cases the initial

relative transformation is Tcr =
[

Rcr 0.6t
0 1

]
, where Rcr and t are respectively

the ground truth in rotation and translation that relates frame r and c. The
images 1 and 10 from the 20 fps dataset was used as Ir and Ic, respectively.

For the case in which a coarse-to-fine scheme is not used, the initial cost is
4386.8. In the iteration 76, the change in the motion vector dξ is less than 1e−6
and the algorithm stops, converging to a cost of 481.9.

When a four level pyramid with a scale of 2 is built, the maximum number
of iterations in each level is set to: 20, 20, 5 and 2, from higher to lower levels.
The initial and final cost for each level is presented in Table 1.

Table 1. Information about convergence using a coarse-to-fine scheme

Level Size [pix.] Initial cost Final cost Max. iterations

4 60 × 80 24.27 2.47 20

3 120 × 160 13.89 12.67 20

2 240 × 320 72.00 64.20 5

1 480 × 640 495.44 477.72 2
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(a) Convergence without using a coarse-to-fine scheme.

(b) Convergence using a four level pyramid.

Fig. 4. Comparison between using only one image and a four level pyramid. (a) requires
76 iterations with an image of 480 × 640 pixels for converging. (b) requires 2 iterations
in the lower level (image of 480 × 640 pixels) for converging.

Note that the initial cost in the lowest level (bigger image) is very close to the
final cost, unlike in the first case. For this reason only two iterations are required
in the lowest level when a coarse-to-fine scheme is implemented (Fig. 4).

4.3 Accuracy

The accuracy in the camera position is quantified using three datasets; two of
them consist of perfect ray-traced images taken at 20 fps and 60 fps and the
last one consist of images with motion blur and noise, taken at 60 fps (60 fps-
blur). We define the error as the Euclidean distance between the ground truth
in trajectory and the estimated one. Figure 5(a) shows the estimated trajectory
(in orange) and the ground truth (in green) for the 60 fps dataset, obtained in
OpenGL and drawn incrementally as the relative transformations are computed
and concatenated. The positions of keyframes are drawn as blue points. The
analysis in orientation will be made for each axis, comparing the ground truth
in orientation with the estimated one along the time. The ground truth in camera
rotation around the axis X, Y and Z are shown in Fig. 5(b).



Dense Tracking with Range Cameras Using Key Frames 33

(a) Trajectory estimated (in orange) and ground truth
(in green). The position of keyframes are drawn as blue
points.

(b) Ground truth in rotations around X, Y, and Z

Fig. 5. Trajectory and orientation of the camera for the 60 fps dataset. The positions
of keyframes are drawn as blue points in (a) (Color figure online)

In Fig. 6(a) we draw the error in camera position for the 60 fps dataset (no
blur) as a solid red line and the error in camera position for the 60 fps-blur
dataset as a dashed blue line, and highlight the errors of keyframes by drawing
them as points. Figure 6(b) shows the error in rotations around X, Y, and Z for
the 60 fps dataset and Fig. 6(c) shows the corresponding errors for the 60 fps-blur
dataset. Note that the errors in both position and orientation for the images with
motion blur and noise are greater than the errors for perfect ray-traced images.
Errors obtained with the 20 fps dataset are very similar to the solid red line in
Fig. 6(a) for camera position and to the errors in Fig. 6(b) for camera orientation
so they are not shown.
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Table 2. Summary of accuracy in camera position

20 fps 60 fps 60 fps-blur

RMSE [cm] 0.74 0.52 1.12

Max. error [cm] 4.2 4.82 4.54

Mean error [cm] 0.44 0.33 0.92

Median error [cm] 0.25 0.22 0.87

Standard dev. [cm] 0.59 0.41 0.65

Table 3. Summary of accuracy in camera orientation

20 fps 60 60-blur

X Y Z X Y Z X Y Z

RMSE [deg] 0.24 0.21 0.12 0.14 0.16 0.10 0.31 0.34 0.43

Max. error [deg] 0.74 1.52 0.75 0.35 1.63 0.93 1.06 1.34 0.70

Min. error [deg] −0.64 −0.44 −0.24 −0.57 −0.72 0.40 −1.66 −1.15 −1.90

Mean error [deg] −0.11 −0.02 −0.04 −4e−3 −0.06 −0.04 −0.02 −0.23 −0.34

Median Error [deg] −0.13 −0.04 −0.06 −0.02 −0.05 −0.03 −2.9e−3 −0.22 −0.30

Standard dev. [deg] 0.21 0.21 0.11 0.14 0.15 0.10 0.31 0.25 0.27

Table 2 shows the root mean square error RMSE, the maximum error, the
mean error, the median error and the standard deviation for the camera position
for the three datasets. With the 60 fps dataset (no blur) the RMSE and Standard
deviation decrease although the maximum error increases, compared to the ones
obtained with the 20 fps dataset. When the 60 fps-blur dataset is used, the RMSE
and the standard deviation increases due to difficulties for getting a good initial
estimate and for aligning images with blur and noise. Despite these difficulties,
the algorithm converges to a good estimate. We can say that the system has
high accuracy in position for both frame rates, and for both perfect ray-traced
images and images with blur and noise; in the worst case, the error is 0.16 % of
the distance navigated by the camera that corresponds to 6.93m.

Table 3 shows the root mean square error, the maximum error, the minimum
error, the mean error, the median error and the standard deviation, for the esti-
mated rotations for the three datasets. The RMSE and the standard deviation
decrease with the 60 fps dataset although the maximum error increases for rota-
tions around Y and Z. When the 60 fps-blur dataset is used, the RMSE and the
standard deviation increase due to the reasons given for the errors in camera
position when the images have blur and noise. Note that the maximum error is
1.63◦ and the minimum error is −1.90◦ so we finally can claim that the system
has high accuracy in both camera position and camera orientation for different
frame rates and even with motion blur and noise.

For comparison purposes, we use the information given in [7] about the
RMSE in camera position for several localization systems. Four datasets were
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(a) Error in camera position for 60 fps and 60 fps-blur
datasets

(b) Error in rotations around X, Y, and Z for perfect ray-
traced images (60 fps dataset)

(c) Error in rotations around X, Y, and Z for images with
motion blur and noise (60 fps-blur dataset)

Fig. 6. Error in camera pose (position and orientation). The keyframe positions are
drawn as blue points in (a) (Color figure online)

used; two real sequences from the TUM RGB-D benchmark [22] and two sim-
ulated sequences from [9]. These two synthetic datasets, called sim/desk and
sim/slowmo, and the ones that we use in this work, 20 fps, 60 fps and 60 fps-
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blur, have the same author, A. Handa, so we compare the accuracy using the
information of sim/slowmo. Our system, with a RMSE of 0.41 cm for the 60 fps
dataset, outperforms the semi-dense mono VO [8] that has a RMSE 2.51 cm.
However, our system has inferior accuracy with respect to LSD-SLAM [7] and
direct RGB-D SLAM that have 0.35 cm and 0.13 cm, respectively. It may be
due to the use of a probabilistic approach that incorporates information about
noise on the depth maps into tracking and the use of a framework for graph
optimization.

The dense map was built offline with point cloud library 1.7.0 and using
depth maps of keyframes. It is shown in Fig. 7. Note that all the local clouds,
after being referenced to a global coordinate system, fit tightly.

Fig. 7. Dense map built using depth maps of keyframes. The trajectory is drawn in
orange and keyframes are blue spheres. (Color figure online)

5 Conclusion

We have developed a system that estimates the pose of a range camera in 6DOF
in a small environment. Our goal is to use this system in augmented reality
applications. The proposed algorithm uses a 3D-2D visual odometry technique
for computing an initial estimate that is later refined using image alignment. In
order to reduce the computational cost, the current camera pose is computed
with respect to the closest keyframe stored in the system. Since the localiza-
tion and mapping algorithms run on different threads, they can be designed
and implemented independently and later, they can be joined again to form a
more general system. With this goal in mind, in this paper, we have focused on
improving the performance of the dense localization algorithm in terms of time
and accuracy. The results have been more than satisfactory:
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First, using a coarse-to-fine scheme we have improved the convergence of
the system, requiring just two iterations of the Levenberg-Marquardt algorithm
at the lowest level of our four level pyramid; As a result, we have boosted the
performance of the system achieving to process 10 fps implementing most of the
steps on a GPU.

Second, using the proposed two step process to localize the camera with
respecto to a keyframe −3D to 2D followed by the image alignment- results in
high accuracy estimates even when using blurred input images. In the worst case
-with blur and noise-, the RMSE is 1.12 cm in translation and 0.31◦, 0.34◦, and
0.43◦ in the rotations around X, Y and Z axis respectively.

For future work, we will concentrate on the depth map creation, depth map
fusion, and the implementation of the whole system on a GPU.
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