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Abstract—Low-cost range sensors represent an interesting
class of sensors which are increasingly used for localization
and mapping purposes in robotics.The combination of depth
data and visual information can be employed to develop
reliable algorithms for localization and environment mapping.
A real-time approach combining a monocular visual odometry
algorithm and range depth data is proposed in this paper.
The scale factor problem is solved combining the depth data
flow and the monocular image data. Moreover, a multiple
resolution approach led by the distance of the sensor from
surrounding obstacles is proposed for the depth data acquisition
process. The visual egomotion estimation algorithm and the 3D
map generation work in parallel improving the system real-
time reliability. Experimental results show how the proposed
integrated framework is able to localize in real-time the device
in an unknown environment and to simultaneously generate an
environment dense and colored map.

I. INTRODUCTION

Low-cost range sensors are an attractive alternative for
expensive laser scanners or 3D cameras in research domains
such as indoor navigation and mapping, surveillance and
autonomous robotics. Consumer-grade range sensing tech-
nology gives the opportunity to choose between different
devices available on the market like Microsoft Kinect sensor
and ASUS Xtion sensor. They were primarily designed
for natural interaction in a computer game environment
(PrimeSense, 2010) using gesture recognition. However, the
richness of the provided data and the low cost of the sensor
have attracted many researchers from the field of mapping,
3D modeling and reconstruction. For example, the newest
ASUS Xtion sensor presents a low weight with respect to
the first generation of RGB-D cameras (around 70g without
the external casing). It does not need external power other
than the USB connection, and it is very compact, giving to
this device some unique characteristics suitable, for example,
for unmanned aerial vehicles applications [1].

A number of Simultaneous Localization and Mapping
(SLAM) systems that make use of these sensors have already
appeared in literature [2], [3], [4], [5], [6]. In particular,
in [2] an RGB-D 3D mapping system utilizes a novel joint
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optimization algorithm combining visual features and shape-
based alignment. In [4] a direct 3D tracking approach is
proposed such that an error is based directly on the intensity
of pixels. Other algorithms are based on fusing depth maps
to a coherent 3D model [5].

Algorithms based on 2D laser scanners [7], [8], 3D scan-
ners [9], monocular cameras [10], [11], Inertial Measurement
Unit (IMU) combined to a mono-camera system [12], [13],
[14], [15] and stereo cameras [16], [17], [18], [19] have been
widely used in the past for visual SLAM and visual odometry
purposes. In [10] a monocular SLAM approach for small
workspace is proposed, splitting the tracking and mapping
process into two separate threads, whereas in [11] the appli-
cation of a monocular technique with scale drift correction
at loop closures is shown for large environments. Actually,
it is worth underlining the promising results obtained with
the application of monocular SLAM techniques to ground
robots [3] and flying vehicles [6], as well as of monocular
camera systems [12], [13], [20]. In [13] a kinect and on-
board vehicle sensors are used to perform state estimation
trough Kalman filtering, while in [12], [20] a dynamic filter
solves the scale factor estimation problem combining visual
information with inertial sensor data. All these approaches
show the feasibility of the adoption of these sensors also on
a limited hardware/resource platform.

In the proposed work the new sensor ASUS Xtion is
employed by coupling the monocular multi-map visual
odometry algorithm proposed in [21] with depth data pro-
vided by the Infrared (IR) camera obtaining a real-time
visual SLAM algorithm and a dense colored map. With
the proposed solution the scale factor missing in [21] is
estimated online such that the absolute map and position
can be computed. The visual odometry algorithm works in
a separate thread with respect to the depth generation map
hence improving the reliability of the proposed algorithm on
a multi-core platform. Moreover, the proposed system relies
on the possibility to use both depth data and 3D features
extracted from the monocular odometry algorithm improving
the overall robustness of the map reconstruction algorithm.
This is useful in case the device is used both in indoor and
outdoor environment where the efficiency of the IR sensor
can be locally compromised. Finally, to avoid memory rising
up in large environment, a spatial multi-resolution approach
is proposed to acquire point cloud data according to local
environment distance. The framework has been developed
under ROS [22] and is available to any user.

The rest of the paper is organized as follows: in Section [l
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is provided showing how 3D points cloud are generated
from depth data. In Section [ it is shown how visual
odometry is combined with depth data to estimate the scale
factor. In Section [V] map generation is presented, whereas
in Section [VI experimental results are provided to show
the effectiveness of the proposed approach. Section [VIII
concludes the paper.

II. SENSOR CHARACTERISTICS

The ASUS Xtion sensor employed in this paper consists
of an infrared laser emitter, an infrared camera and a RGB
camera (see Fig. [[). Both the RGB and the depth images
are provided with 640 x 480 pixels resolution at 30 Hz. The
measurement of the depth data is achieved by a triangulation
process [23]. The laser source emits a single ray which is
split into multiple rays by a diffraction grating to create a
constant pattern of speckles projected onto the scene. This
pattern is captured by the infrared camera and is correlated
against a reference pattern, which is obtained by capturing a
plane at a known distance from the sensor. When a speckle
is projected on an object whose distance to the sensor is
smaller or larger than the one of the reference plane, the
position of the speckle in the infrared image will be shifted in
the direction of the baseline between the laser projector and
the perspective center of the infrared camera. These shifts are
measured for all speckles by an image correlation procedure,
which yields a disparity image. For each pixel the distance
to the sensor can then be retrieved from the corresponding
disparity. In the following we consider a depth coordinate
system which has origin at the perspective center of the
infrared camera, with the Z axis orthogonal to the image
plane towards the object, the X axis aligned to the direction
of the baseline b between the infrared camera and the RGB
camera. The Y axis is orthogonal to X and Z axis making a
right-handed reference system.

Suppose that an object is on the reference plane at distance
Z; with respect to the sensor and the corresponding speckle is
captured on the image plane of the infrared camera as shown
in Fig. [2l If the object is shifted closer, far with respect to
the sensor, the speckle on the image plane is displaced in the
X direction, that corresponds to a disparity d in image space.
The disparity d is strictly related to D, the displacement of
the point k on the image, and to Z; (depth), which denotes
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the distance of the point k as follows
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By plugging D extracted from @) into (1), the following
relation is obtained

Zy
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where b represents the base length between the IR projector
and the infrared camera, while f is the focal length. All these
parameters can be determined with a suitable sensor cali-
bration procedure. The other two coordinates of the object
3D position can be determined by the classical perspective
projection model as follows
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where x., y. represent the coordinates of the principal point,
oy, 5y the lens distortion correction parameters, and xy, i
the corresponding normalized image coordinates.

The main problem to recover all the coordinates of the
observed environment consists in the impossibility to stream
the actual measured disparities, probably due to bandwidth
limitation. In fact, the disparity values are normalized in the
range 0-2047 and streamed as 11 bit integers. A zero sensor
disparity does not correspond, for this reason, to an infinite
distance. A normalized disparity should be considered in lieu
of the one previously defined, and the sensor disparity is
related to a normalized disparity by the following relation

1
dp = g(do_d>7 (6)

where d, is a normalized disparity, and d,, is an offset value
particular to a given sensor device. The factor % appears



because the values of d are in % pixel units. With a monocular
camera calibration procedure of the infrared camera the focal
length, the distortion parameters, and the lens center of the
camera can be retrieved. Moreover, the parameters b and
d, can be measured with a least-squares fitting procedure
by employing in (@) the estimates of the 3D position of
the corners of a calibration chessboard, the corresponding
measured projections of the corners in the infrared image,
and the corresponding disparity values.

III. VISUAL EGOMOTION AND UNSCALED MAPPING

The visual SLAM algorithm PTAMM [21] is employed
in our framework in order to localize the device within
the environment with a single camera. The SLAM task is
split into two parallel task, namely the tracking task and the
mapping task, which are executed with two different threads.

The tracking task is responsible for the tracking of salient
features in the camera image determining camera position.
This is done with the following steps: first, a simple motion
model is applied to predict the new pose of the camera.
Then the stored map points are projected into the camera
frame, and the corresponding features FAST corners [26]
are searched (data association). The orientation and position
of the camera is refined such that the total error between the
observed point features and the projection of the map points
into the actual frame is minimized.

On the other hand, the mapping task uses a subset of all
camera images called key frames, selected through a heuristic
criteria, to build a 3D point map of the environment. After
adding a new key frame, a batch optimization is applied to
refine both the map points and the key frame poses. The main
purpose is the minimization of the total error between the
back-projected map points and the corresponding measures
in the key frames realizing the so-called bundle adjustment.

There are several important differences between the key
frame SLAM algorithm considered here and the standard
filter based approach [25]. The adopted algorithm does not
use an EKF based state estimation and does not consider any
uncertainties, both for the camera and the feature location,
in a way to reduce the computational effort. However,
considering the uncertainty of the state could ease the data
association process. The lack of modeling uncertainties is
compensated by the use of a large number of features and
the global batch optimization. Therefore, despite the use of
a fixed area for feature matches, the algorithm is still able to
track efficiently the point features and to close loops. This
makes the algorithm extremely fast and reliable and the map
very accurate. As demonstrated in [24], the key frame SLAM
outperforms the classical filter-based approach SLAM.

With respect to [10], users can now save the state of a map
to disk, and then later reload it. Maps are saved in an open
format using XML for the map data, and PNG images for
the key frames. Only the salient data is saved, while some
is regenerated on loading (such as FAST corners). A new
class to handle thread synchronization issues is added to the
Map class. The serializer has the complete control of a map,
so other threads cannot corrupt the data during saving and

loading. All threads now have to register to each map and
unregister when leaving. If a map is locked they will signal
an acknowledgement and wait until the map is unlocked.
The key advantage is that multiple maps can be saved in
the background, with only a brief pause in operations in the
current map during saving.

IV. SCALE FACTOR ESTIMATION

The adopted visual SLAM framework based on PTAMM
can provide the translational motion of the sensor in the
environment up to a scale factor, since a single camera
is employed. The estimation of the scale factor parameter
trough the combination of depth data and visual data is
proposed in this paper. We assume that the intrinsic and the
extrinsic calibration parameters are available for both the IR
and for the RGB camera. Let pi¥ be the i-th point, expressed
in the IR frame, which belongs to the point cloud

PE—[ pi... pf ], %

which is generated as specified in Section [l The previous
points cloud can be represented into the RGB frame as
follows

P = (7 R ®

where RE R are the rotation matrix and the translation

vector of the IR camera with respect to the RGB camera,
respectively, which are provided by the sensor calibration.

The depth values corresponding to each feature extracted
within the visual framework have to be identified to evaluate
the 3D point cloud. The adopted procedure is the same as de-
scribed in Section [l since the depth is actually expressed in
the RGB frame. Let ¢, be the center of mass of the points in
the RGB visual framework, and ¢; the corresponding center
of mass for the depth points p,;, with i =1,...,n. The ratio
between the Euclidean distance of each 3D point, generated
in the visual framework, from the FAST corners [26], with
respect to its center of mass

Api®” =|pi”" — e, ©

and the distance computed for the corresponding depth points

Apy; = [|Ipvi —call; (10)
yields a set of scale factors
A RGB
s:[ ST, 48 ]T, where s,-:p7’. (11D
Apv,i

The current estimation of the scale factor corresponds to the

mean value of s. A statistical procedure is setting up deleting
the values out of the statistics of a normal distribution to
improve the achieved measure. A synthetic representation of
the estimation process is given in Algorithm [Il Notice that
the combination of the depth and visual data to recover global
consistency is strictly required only for the first frame, as
well as the values s; could be computed only for the extracted
corners. The proposed solution is computational inexpensive
and allows the evaluation of the environment map directly
from the cloud points given by the IR/depth image.



Algorithm 1 Scale_Factor_Estimation(RGBjmage.Depthimage)

extract_image_features_set(RGBimqge)— F = [ f1,---,f, }T;
compute_3D_points(RGBinage, ) — pv;
compute_center_of_mass(p,)— ¢,;
compute_depth_points(Depthimage) — Pi¥;
roto_translate(Depthimage) — PO = R 4+ REGEpIR;
compute_center_of_mass(p*°?)— ¢y;
for Vf; do

fi — depth;;

Apf® = |pf% —o;

Ap,; :RU;gV.f —cqll;

s=1[ s, 8 |
is_deleted = true;
while is_deleted do
is_deleted = false;
sy = mean(s);
o = std(s);
for Vi do
if abs(s; —sy) > 20 then
delete s;;
is_deleted = true;
end if
end for
end while
return sy

V. 3D MAPPING AND RECONSTRUCTION

The environment map generation is computed in parallel
with respect to visual odometry evaluation. The map is
generated through the depth values using the monocular vi-
sual odometry framework. After the algorithm initialization,
when the scale factor estimation is performed, the absolute
position and orientation are computed. These values are then
associated to the point clouds generated from the IR sensor,
which is composed of around 300.000 points if a depth image
of resolution 640 x 480 pixels is considered. The result is a
colored map given by combination of the RGB image pixels
colors with the depth values.
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Fig. 3. Depth image multi-resolution sampling.

To avoid an excessive memory allocation, which can af-
fect computation performances, without reducing the spatial
accuracy of the environment map, a new multi-resolution
approach is proposed for point clouds sampling. For each IR

image, the corresponding point clouds are divided in different
groups trough a virtual image grid, which is composed of
rectangles of size Dg x D¢ pixels (see Fig. ). In particular,
for each rectangle of the grid, a spatial sampling with a step
Agr X Ac is chosen accordingly to the following laws

AR,max - AR,min

AR = AR i Zmax — Z 12

R R,mm"" Zmax _me ( max C) ( )
Ac - AC.m'n

AC = ACA,min'f' %(Zmax _ZC)7 (13)

where Z¢ is the third component of the point centered into
the current rectangle or the average distance between the
rectangle and the environment expressed into the IR frame.
The terms Ag min, ARmax> ACmin, and Ac pmay represent the
minimum and maximum values for the spatial sampling
distance, respectively. According to the computed value, a
certain number of points is added to the global map. For
each rectangle the number of points, added to the global
map, varies as shown with a linear law between a maximum
distance Z,, and the minimum distance Z,;,, which the
sensor is able to detect, according to the distance from the
environment Z¢ in the current cell.

Moreover, a sampling time is adopted depending on the
sensor linear and angular velocity. In details, the map pub-
lishing thread takes care of the map streaming and pose
visualization in real-time, while the map data storage is
updated according to the following time laws

v w
F:Fmax_(Enax_Fmin)'maX (7) (14)

Vimax  Omax
where F is the map update frequency, F.y, Fpin are the
maximum and minimum publication updating frequencies
rate, v and @ are the mean linear and angular velocity norms,
respectively, performed on the last k time instants as follows

1 & 1 &
V:%;\)i w:%lzzlwl

The quantity v; (@;) is the linear (angular) velocity norm at
time instant i computed as follows

5)

1

vi = E(Pi*pifl) (16)
L
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where AT is the time interval between two consecutive
measurements, p; is the position norm at time instant i, while
0 is obtained from the axis-angle orientation representation
of two consecutive time rotations

(RRY ) = (1,6])).

The main problem for this kind of sensors is their effi-
ciency in outdoor environments where depth generation is
compromised due to outside light intensity. For this reason
the presented framework gives the opportunity to use, instead
of IR camera points, 3D points in the fixed frame generated
by the visual framework. The main difference with respect
to [21] is that all map points are scaled by the estimated
scale factor generating an absolute environment map.

(18)



Fig. 5. Path trajectory of the sensor (in red) and the corresponding ground-
truth (in blue) provided by the Optitrack motion capture system.

VI. EXPERIMENTAL RESULTS

The OpenNI driver [27] has been employed for the
sensor interfacing, which provides the capability of choosing
between difference configuration in term of image resolution
and updating frequency. For the considered experimental
case study, the RGB and depth data are streamed with a
frequency of 30 Hz and resolution of 640 x 480 pixels. The
proposed framework has been encapsulated in a ROS [22]
node and the time synchronization between RGB image
and depth is realized via the ROS message synchronization
mechanism. The map can be published up to 20 Hz (Fj;;qx =
20 Hz and F,;, = 10 Hz), with Ag e = 10, Agmin = 5,
AC,max =20, AC,min =10.

To show the effectiveness of the proposed approach the
PRISMA Lab has been reconstructed. Figure E] shows the
original room (on the top) and the corresponding dense
colored map (on the bottom), while the sensor trajectory is
depicted with a blue line inside the map environment.

Moreover, to evaluate the effectiveness of the proposed
scale factor estimation method, the sensor has been moved
along a trajectory of about 8 m long, which is shown in
Fig. bl In order to provide a ground truth for the proposed
egomotion estimation algorithm, an OptiTrack motion cap-
ture system [28] composed of ten S250e cameras has been
employed to track the sensor during its motion at 250 Hz.

The time history of the norm of the motion estimation
error with respect to the ground truth shown in Fig.
highlights a 15 cm peak over a mean of about 3.8 cm,
which confirms the effectiveness of the proposed approach.
In fact, the sensor accuracy for the depth measurement
at 4 m of distance is declared in 3 cm, and thus the
performance of the proposed approach is in line with the
sensor intrinsic performance. The positional norm error is
decreasing after 30 seconds since the camera is back to
previous mapped positions, where keyframes have already
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Fig. 6. Time history of the positional norm error for the path of Fig.

been instantiated. The results can be seen in the video at
http://wpage.unina.it/lippiell/videos/icar2013_video.mp4.

VII. CONCLUSION

In this paper a real-time method for pose estimation
and mapping has been presented. A new scale factor es-
timation method using a combination of RGB monocular
visual odometry and depth map has been proposed. The
map is generated according to a multi-resolution sampling
approach avoiding an unnecessary memory allocation in case
of large environment. By using a multi-thread programming
approach, the algorithm allows a fast localization and colored
dense map reconstruction of the environment suitable for
real-time applications.
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