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Abstract— This work proposes a method for autonomous
robot exploration of unknown objects by sensor fusion of 3D
range data. The approach aims at overcoming the physical
limitation of the minimum sensing distance of range sensors.
Two range sensors are used with complementary characteristics
mounted in eye-in-hand configuration on a robot arm. The first
sensor operates at mid-range and is used in the initial phase
of exploration when the environment is unknown. The second
sensor, which provides short-range data, is used in the following
phase where the objects are explored at close distance through ] o
next best view planning. Next best view planning is performed Fig- 1. Robot end effector equipped with middle range serorpflanar
using a volumetric representation of the environment. laser scanner, top) and short range camera (bottom).

A complete point cloud model of each object is finally com-
puted by global registration of all object observations including

mid-range and short range views. The global registration yregjon in front of the scene so that an initial and naive

algorithm has also been compared to a standard sequential : . ; . L
registration approach, which is more subject to error propaga- observation of the environment is taken using the mid-range

tion. Experiments have been performed in environments with S€nsor alone (i.e. varying the viewpoint of the sensor). The
multiple rigid objects. first phase results in a frontal view of the scene. The mid-

range observation is then clustered to extract an initidtpo
. INTRODUCTION cloud set of each object. In the second phase, a next best view
A valuable application of 3D range sensing is activgplanner (NBV) is run to perform a close range exploration of
vision, a strategy where the sensor is mounted on the eedch object using the short-range sensor. The NBV planner
effector of a robot arm to change the viewpoint. A largeelies on a volumetric representation of the environment,
number of studies have investigated the problem of sensahich is updated after each observation, and it generates
based planning for eye-in-hand sensors. However, previoascollision-free path for the robot. Finally, a completenioi
works did not consider that 3D sensors have a minimurloud model is generated for each object by global regis-
sensing distance at which range data can be acquired. Thtration of all object observations including the mid-range
the available configuration space of the robot is reducesbservation and the short range views. In this work it is
to those configurations where the sensor stays beyond thssumed that the objects are rigid, that they lie on a plane
minimum distance from the object. Of course, this physand that they do not touch each other. The approach has been
ical limitation is a serious drawback, especially for smalkvaluated in environments where additional obstacles make
robot manipulators. This paper proposes a method for robieimpossible for the robot to explore the objects using anly
exploration of unknown objects using a hybrid 3D sensingingle mid-range sensor. Likewise, environment explorati
approach. The system is fully autonomous. The robot setuging only a short range sensor would be ineffective due to
includes a small robot manipulator and two range sensolignited visibility.
in eye-in-hand configuration. The two range sensors have The proposed approach is general as it does not depend
complementary characteristics: one sensor provides mign the choice of the eye-in-hand sensors (e.g. 3D stereo
range data, while the second sensor provides short-rangigion could be adopted). Additional contributions of the
data. In the context of this work, mid-range is defined agaper are as follows. The NBV planner uses a modification
being larger than about.7 m and shorter thad m, while  of the objective function presented in [2], [7] for viewpbin
short-range is defined as being shorter thahm. Figure 1  selection. The modified objective function balances the-num
shows the end effector used for the experimental evaluati¢ser of known and unknown voxels to ensure an overlapping
equipped with the two range sensors. area among the short-range views, that facilitates registr
The task of the robot is to explore the observable objectfon. Moreover, a parallel and efficient global registratio
in the environment and to generate a complete point clouglgorithm (named p-ICP-GPA) has been developed for point
model of each object. Robot exploration consists of tweloud registration of the object views. Global registratio
phases. In the first phase, the robot arm is moved in thfas not been investigated together with NBV planning in
L ) i ) ) previous works. The p-ICP-GPA algorithm improves the
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its ability to perform simultaneous (i.e. global) regisiva about relative transformation of views. In [5] a method is
of all partial views of an object. presented that optimizes the alignment of range scans and
Furthermore, the global registration approach has beeacovers the structure of articulated objects. Schmedding
compared to a sequential registration strategy of the bbjeet al. [23] proposed a method that finds feature points of
views based on the iterative closest point algorithm (IG)) [ matching objects based on surface-approximating polyno-
Results confirm that the global registration approach issmomials. In [15] a global multiview registration algorithm is
accurate and more robust than the sequential registratiproposed that does not require initial pairwise alignment,
strategy, which is more subject to error propagation. Theased on manifold optimization. However, correspondences
paper is organized as follows. Section Il describes relateate assumed to be known a priori. Finally, Toldo et al.
works about next best view planning for object explorationi24] proposed an automatic global registration approach,
and methods for global registration of range data. Sectidmased on the Generalized Procrustes Analysis, that does not
[l presents the proposed approach. Section IV illustrites require prior knowledge of the correspondences nor initial
robot setup and reports the experimental results. Section pairwise alignment. The algorithm has been evaluated only
concludes the paper with some directions for future rebearmn synthetic data. In this work a parallel version, p-ICP-
GPA, of the algorithm has been developed and evaluated
Il. RELATED WORK in a physical robotic setup against a standard sequential
Early works about NBV planning [2], [7], which were registration algorithm.
evaluated in simulation, introduced the concept of a vigwin
sphere for sensor placement around the object and defined . METHOD
an objective function for viewpoint selection that maxigsz ~ This section presents the method for object exploration
the unknown volume of the object. Improvements have bearsing eye-in-hand sensors with different visibility rasge
proposed for the objective function to facilitate regisom  The algorithm operates under some general assumptions on
that look for smooth regions of the object [18], or thatthe experimental setup and the scene. The setup consists of
enforce an overlap scanning constraint [19], as in this pap& manipulator equipped with a mid-range sensor and a short-
However, in [19] an artificial approach is used for movingange sensor. The two sensors are placed on the robotic arm
the object based on a turntable. In [28] the objective fumcti in eye-in-hand configuration. The objects to be observed lie
minimizes the navigation distance of the robot. Reed &n a plane inside a delimited region of the space with a
al. [21] proposed a NBV system based on a turntablminimum distance between each pair of objects. It is also
that includes multiple constraints like sensor imagingnec assumed that there are no objects totally occluded by other
occlusion and sensor placement. Other approaches have bebjects. The manipulator may not be able to reach all the
proposed using full 6D planning around the object [6], [14]required viewpoints to achieve a complete observation with
[25], [32]. In particular, Chen et al. [6] used trend surfacea single sensor since there are obstacles in the scene.
but the method worked with simple objects. In [32] an The exploration is organized into two main phases. The
information theoretic approach was proposed that explordisst phase is the mid-range observation and aims at degectin
the whole C-space of the robot rather than focusing exflicit objects in the scene and at building the initial volumetric
on the objects. Torabi et al. [25] considered a single obiect representation required for the subsequent close-range ex
the environment. The assumption of having a single objegloration. During the first phase, the robot takes an initial
in the environment appears recurrently also in [8], [169][2 observation of the region where the objects are placedewhil
In [8] a probabilistic approach was used that does not requistaying far from potential obstacle, resulting in a possibl
accurate hand-eye calibration. Whaite et al. [31] adoptddcomplete representation of the environment. Obstacids a
a parametric model of the objects based on superquadrifsee space are represented using an occupancy grid map
Other works are more focused on object exploration usin@escribed in the following). The second phase corresponds
robot manipulation [12], [11], [26], [30]. Kriegel et al. to the short-range observation, which is performed iteehti
[13] proposed a hybrid eye-in-hand system, based on NBfér each of the previously detected objects. Next best views
planning with multi-view recognition, which is the closestare computed for efficient exploration. The robot plans and
approach to the method presented in this paper. Howevexecutes the motion to reach the corresponding desired con-
there are substantial differences since in [13] objects afiguration. The short-range observations are used to update
modeled by registration of 3D measurements from one senstye occupancy grid map and are collected together in order
only, without data fusion. Moreover, registration is penfied to be registered. Figure 2 provides an outline of the coraplet
using standard sequential ICP. Hence, none of the previopsocedure, while each step is illustrated in the remainihg o
works adopted a hybrid sensory system like the one propos#te section.
in this work. The initial observation is performed using the mid-range
Most previous works on global registration of multiplesensor (line 2 in Figure 2). The sensor measurements from
views perform an initial pairwise alignment followed by athe mid-range sensor are accumulated into a single point
global registration phase [5], [10], [17], [20], [23], [2h  cloud P. Such point cloud is used to extract clusters of
particular, in [27] global registration is based on the wect pointsP]Q € P representing objects fgr=1,...,n. (line 3
field representation and it does not require a priori knog#ed in Figure 2). Cluster extraction is performed by applying a



Algorithm 1: Multiple Range Object Observation where(.5 < p <1 and the log-odds is

1: {Phase 1: mid-range observatjon log t2= =u if m; = voxel(p)

2: P «+ MoveAndAcquireMidRangeCloud(); oy — g , —

3: {Py};=1....n. + ClusterPointCloudp); o(milzp) = q log = —u if m; on ray origin(p)p

4: initialize M with unknown voxels; 0 otherwise

5: M + ComputeOccupancyGridMap(M); (2
6: (M) < ComputeReducedMap((); Thus, the updated log-oddé(m;) of a voxelm, after an

7: {Phase 2: short-range observation of each objeetth}
8: for each cluste? (j = 1,...,n.) do
9: c < 0; gain < oo;

observationz, is o' (m;) = o(m;) + o(m;|z,) (see e.g. [9]).
In order to find the occupied voxehy; = voxel(p)) and the

10:  while gain > gaing,, do B free voxels {n; on ray) detected by observatios, a ray
1L V + ComputeViewpointListf1,U5; _oP}); tracing procedure is performed on the occupancy grid map
2 done s Jolse: 4y 20 (ines 5 and 19 in Figure 2).

: while not done and # ) do A reduced occupancy grid mapt is then derived from
14: v < popfirst(V); B . .
15: done « PlanAndExecute(M); M. The reduced occupancy grid map M is the subsgt of
16: end while the voxelsm of the occupancy grid map1 such that either
17: cct+ 1 m state is occupiedo(m) > ¢,) or m state is unknown
igf j\)fl « éCqUIfetShOOVtRange%O}é?\flﬁ ) (lo(m)| < €,) and its 6-neighbors are empty. The reduced

: A omputeceupancyorc apg.M); occupancy grid map represents the voxels on the crust of the
20: M <« ComputeReducedMap{); . . .
21 gain +ComputelnformationGain{; {eq. (5) occupied and unknown region. Since range sensors observe
22:  end while the crust of objects, the reduced map provides the same
23:  p-ICP-GPA{P} }1—o.....c); {global registratioh information about the unobserved regions, but operating on
24: end for smaller data structure. The occupied and unknown voxels of

the reduced occupancy grid map represent obstacles during
motion planning. The computation %1 is shown at lines
6 and 20 in Figure 2.
Each cIusterPO represents an object to be explored.
The aim of the proposed method is to collect and reg-
ister several partial observations of each object. The next
ebest view algorithm illustrated in the section IlI-A uses
reduced occupancy grid mapt to compute a listy
candidate viewpoints. The first elementof V is the
candidate viewpoint that maximizes the objective function
defined in eq. (4). Therefore, the planner computes a amflisi
Next, an occupancy grid map is computed (line 5 in free path tov. If the planner fails or the path cannot
Figure 2), i.e. a data structure that represents the oatupige executed, the procedure is repeated extracting another
empty and unknown regions. In particular, an occupandyiewpoint from V' (lines 11-15 in Figure 2). After a new
grid map can be represented as a sevaiels (or cells) point cloud 7§ is acquired from the viewpoint (line 18 in
M = {mi,ma,...,mr}. In the following, the symbol Figure 2), the occupancy grid mapl is updated using again
m; Wil refer also to the center of the corresponding voxekquation (2). The procedure stops when the information gain
m; when its meaning is clear from the context. Each voxedssociated to the latest observation is less then the tiicesh
m; is associated to its occupancy probabilitym;), i.e.  gain,,., as discussed in the next subsection. Finally, a global
the probability that voxelmn; is occupied. However, it is representation of the object is computed (line 23 in Figyre 2
more convenient to operate with tiheg-odds function that py registeringP;-), ..., P§ using the p-ICP-GPA algorithm

is related top(m;) by the equatiorv(m;) = log lp(,f?m) 3- discussed in section I11-B.

The log-odds formulation is commonly used to update ocg
cupancy grid maps [9]. All the voxels in the initial occupgnc ) ) .
grid map are set as unknown(fn;) = 0). Each pointp of Th'e short-range observatllon of' each object in the scene
the point cloudP represents an observatiap in the form requires to compute the viewpoints for the sensor fixed
of a raym from the sensor originrigin(p) to p. on the manipulator end-effector. The candidate viewpoints

The ray sensor model used in this work is defined by th re samplgd on a sphere TOf constant radiusentered on
conditional probability the centroidp. = [z, y., z.]* of the cluster corresponding

to the object to be observed. Centragid is updated after
each observation (Algorithm 2 in Figure 3, line 1). The
viewpoints are obtained by discretizing the inclinattband

Fig. 2. Outline of the algorithm.

flood fill algorithm after outlier removal and dominant plane
extraction, as illustrated in [1]. The presence of obstaaled
the limitation on the minimum and maximum range of th
sensor may reduce the available configuration space of t
robot and the available viewpoints. Hence, the clus‘ié]?s
tipically provide a partial representation of objects.

Planning short range next best views

D if m; = voxel(p) the azimuthp. In particular, the samples are takenfat=
p(milzp) = 1—p if m; on ray origin(p)p (1) A0 ig with ip = 0,..., [Opmas/A0] and o = —7 + Ap iy,

0.5  otherwise with i, = 0,...,[27/A¢|. The uniform discretization



of inclination and azimuth corresponds to a non-uniformlgorithm 2: ComputeViewpointList( M,P)
sampling of the sphere. However, the viewpoints that are - .
close to already visited viewpoints are discarded durirgy tHnPut: M: reduced occupancy grid map;

. . . ‘P: the point cloud related to the object;
execution of the task. Given a choice of ¢ and ¢ the Input: parameters: viewing sphere radigsinclination stepA#,

resulting transformation of sensor franSefrom base frame maximum inclinationd...., azimuth stepAe, sensor rayD,
Bis minimum and maximum sensor ranggs:» and rmaz;
Output: V: sorted list of candidate viewpoints (best view first);
clcp  sp —stlcp  x. +rsfcp 1: p. < centroidP); V <« 0;
B | cfsp —cp —sbsp y.+ rsfsp 3) 2: for ig < 0 to | "2z | do
S <pesrbip — —s6 0 —cl Ze + 1l 3: for i, < 0 to %’;J do
0 0 0 1 4: 0 < Abig; ¢ < —7 + Apiy;
5 v = (T, Ov) < (Tp.,r.0,0); {€d. (3) forT, }
wherec- ands- are abbreviations of sine and cosine func- & if is-reachable(.) then
tions. The corresponding configuration of the manipulator7j Ve VU {oh

: 8 end if
is 5T = 5T §,T and can be computed as the pd¥& o onq for

of the sensor frameS' from the wrist frameW is known. 10: end for

Since the robot inverse kinematics is available, the nextl: for v € V do

best view planner is able to filter all the unreachable robdk?:  {estimate the humber of occupied and unknown vpxel
configurationsf;, T without performing a computationally 13 for each rayd ; € D do

expensive motion planning query. The apex and subscriéﬁj ]fl"“'" o
B . . . . - : or m; € M do
5+ will be omitted in the following when no ambiguity ;. (inters, pimers) + intersectray(T, 71 ma);
arises. The generation of the candidate viewpoints is shown: if inters and mntw — pos(Ty)| < dmin then
in Algorithm 2 (Figure 3) at lines 1-10. The sensor model thats: dmin < |pinters — PoS(To)[; Mmin < mi;
predicts the scene region observed from a viewpoint is a ra 93 end if
box intersection model. A range sensor can be described g, end for

. . .. . |f Mmin ¢ O'u andrmin S dmin S Tmax then
a set of ray dlrectlon@:{jj}j and the values of minimum 5. Oy Oy U {Mimin}:
and maximum ranges. A voxeh; is observable from a 23: end if

given viewpointv if m; is the closest voxel intersected by24: end for
; iae i 25: end for
aray d; € D and the distance betweenandm; lies in : . .
the range interval of the sensor. Thus, each viewpoiig 26: sortV according to eq.(4);
defined by the corresponding transformation matfixand Fig. 3. Procedure to compute the next best view.
the set of voxels®, Cc M that are visible fromw. The
algorithm could choose the viewpoint.,; that allows the

observation of the largest unexplored region of the objech(i,|z,). The information gain is defined as
i.e. Vpest = argmax|OY| where Q¥ = {m; € O,l|lo(m;)| <

¢,} is the set of unknown voxels observable framSuch ( mlz) = 3 —p(ms) To p(m;|zy)
criterion reduces the number of observations required to = T M — PUma) 108 \ = (ma)
achieve a complete model of the object, but does not take T (5)
into account that the acquired point cIowéIJ%, ..., P§ must  Although G(my,... ,mp|z) is a function of all voxel

be registered. Indeed, registration requires that eacl viestates, its value depends only on the voxels whose occupancy

is partially overlapped with some other views. The overlaprobability is affected by the observation, i.e. m; s.t.
region of a viewv is estimated by the set of occupied voxelsy(m;)#£p(m;|z,)

0°={m, € O,lo(m;)>¢,}. Thus, the optimal view can be
selected as B. Global registration of range data

Vpest = argmax, (o, |OY] + a, |02)) 4) A parallel version of the registration algorithm [24], eall
p-ICP-GPA, has been developed for global point cloud
The parametersy,, and «, weight the importance of alignment. The p-ICP-GPA algorithm, shown in Figure 4,
occupied cells w.r.t. the unknown ones. performs a simultaneous registration of all the partialvge
The observation of a single object is performed until theref an object based on the Generalized Procrustes Analysis.
is a view that can improve the representation of the objecthe approach detects independent sétsof points belong-
The information gain measures the information acquired ining to the different views{P*}¢_,. An independent set,,
the estimation of occupancy grid mapt after the new is such that each point € A;, is mutually nearest neighbor
observationz, from viewpointv and is used as a criterion of all the other points in4;,. Given two (not necessarily
to stop the close range exploration of an object (line 18onsecutive) views of an object with indicésand j, a
in Figure 2). The value of such parameter depends guoint pcP? is mutually nearest neighbor to another point
the occupancy probability of the voxels before and aftep,cq,..:€P? if the closest neighboe P7 of p is prearest
the observatior,, i.e. respectively fronp(m;) and from and the closest neighba P* of p,carest IS p-



Algorithm 3: p-ICP-GPA( {P'}¢_))

Input: {P°}{_;: input cloud clusters;
Input: parameters: maximum point association distaige.;
Output: {FT}¢_;: the transformation matrices to common refer-

ence frameR;
1: while not done do
22 G« 0;C+0;
3: for each clusteP*, i =1,...,cdo
4: for each pointp € P* do
5: {lines 7-13 executed by parallel threads Fig. 6. Mid-range observation of the environment (left) ahd acquired
6: for each clustef?’, j =i+1,...,cdo point cloud (right).
7: Dnearest < FiNdNearestIinClustes(P’);
8: |f |p - pnearest| < dmaz then

o: p’ + FindNearestInClustgsfcarest,P*);

10: if p' = p then

11: g — g U {(p,pneaTESt)> (pnearestvp)};

12: end if

13: end if

14: end for

15: end for

16: end for o

17: A <+ FindIndependentSets); {find complete graphs i}

18: for eachA; € A do ) ) o )
. ; . Fig. 7. Front (left image) and back (right image) views of theugancy
;g: eng ;;rC Y { ComputeCentroidd,.) } grid map computed from the mid-range observation in a first enuirent.

. . . Unknown voxels are colored in grey, occupied voxels arereadldn red.
21:  {line 22 computes transformations according to [24] grey P

22 {FT}¢_, < ComputeTranformation§(A); I

The p-ICP-GPA parallelizes the detection of the indeper:-
dent sets by distributing the points of each view amongig g Front (eft image) and back (right image) views of theugancy
multiple threads (lines 7-13). Every point of an indeperideryrid map computed from the mid-range observation in a secontloerv
setA,, is driven towards the centroid of the points of the sef"et
by solving a least square optimization problem that is run
iteratively until global convergence (line 22). The outasm
are the rigid transformation87 (line 24) to be applied to
each viewP? of an object.

23:  for each clusteP’,i=1,...,cdo
24: P? + TransformCloudpP®,FT);
25:  end for

26: end while

Fig. 4. Parallel ICP-GPA.

configuration. The mid-range sensor is a planar (2D) laser
scanner (SICK LMS 400) with a minimum and maximum
sensing distance di.7 m and3 m respectively. The laser
scanner has a high accuracy-6f mm and it is used with

a field of view of 70° and a scanning frequency db0

Hz. The second sensor is the Dinast IPA-1110 short range
camera which has a sensing rangé)df m to 0.8 m, a field

of view of 80° and a resolution 0820 x 240 pixels. The
short range sensor is one order of magnitude less accurate
than the mid-range sensor. Drawing a comparison to a well
known sensor, the Dinast camera is lighter and smaller than
the Kinect sensor but less accurate (the minimum sensing
distance of the Kinect i6.8 m).

Fig. 5. Objects used in the experiments.
B. Experiments

IV. EXPERIMENTAL EVALUATION Experiments of autonomous object exploration have been

) performed in environments with multiple rigid objects. Fig
A. Experimental Setup ure 5 shows the objects used in the experiments: a jug, two
The robotic setup consists of a six degrees of freedoplastic bottles, a hammer, a toy horse and a box. Obstacles
robot arm (Comau SMART SiX) with a horizontal reachhave been added at the back of the scene and their 3D
of 1.4 m and two range sensors mounted in eye-in-hanchodels have been included in the simulation environment



Fig. 9. Exploration of the objects in the first environmentngsthe NBV planner and the short range sensor. Exploratioth@fjug (top row) and
exploration of the hammer (bottom row). A complete experimeratis® reported in the accompanying video.

TABLE |
PROCESSING TIMES(SECONDS FOR OBJECT EXPLORATION

Step Phase| Time
Mid-range observation 1 44 s
Computation of occupancy grid map 1 37s
Computation of NBV (short range) 2 13s
Motion planning and execution 2 25 s
Occupancy grid map update 2 4s

TABLE I

PROCESSING T|MES(SECOND$ FOR PICP-GPAAND SEQUENTIAL ICP. Flg 10. Simulation environment used for planning Short'mngxt best
views (left column) and real planned configurations (righiuom) in the

second environment.

algorithm 1 thread | 4 thread | 8 thread
ICP 154's - -
p-ICP-GPA | 27.7s 9.6 s 8.8 s

ance of the occupancy grid map. In the current setup, the size

in meters of the occupancy grid mapligd0x 1.20 x 0.60 and
used for NBV planning, which is based on the OpenRAVEhe resolution i€.02 m (voxel size). Hence, the occupancy
engine [3]. Since the robot can not explore the wholgrid map contains a total of abol80K voxels. After the ini-
environment using only the mid-range sensor, the only waljal mid-range observation, the occupancy grid map costain
to observe the back part of the objects is to take short-range averagé% of occupied voxels;0% of empty voxels and
observations. Moreover, it must be remarked that explorings% of unknown voxels. In the reduced occupancy grid map
the environment by using the short-range sensor alone woulie number of unknown voxels is reduced, on average, by
be a rather weak solution. Indeed, if only the short-rangé7%. Figures 9 and 10 show examples of the second phase of
sensor was available the robot would not have any initidhe robot exploration task, i.e. the close-range obsemaif
clue about the location of the objects and, therefore, thée objects using the short-range sensor. In particulgyrEi
robot would need to perform a time consuming brute-forc® shows a sequence of planned short-range next best views
exploration of the whole environment. Figure 6 shows anf two objects in the first environment. Figure 10 shows
image of the first phase of a robot exploration task, i.e. thiae 3D simulation environment used for planning the short-
mid-range observation of the environment using the plana@nge next best views. The reduced occupancy grid map is
laser scanner. In this phase the robot is programmed to taikeported in the motion planning environment and all the
an initial frontal observation of the region where the olgec occupied and unknown voxels (displayed in reddish color)
are located. Thanks to the large field of view of the midare considered as obstacles for the robot. The radius of the
range laser scanner there is no need, in this phase, to merforiewing sphere for short range explorationris= 0.3 m in
NBV planning. Figure 6 also shows the raw point clouchll the experiments. Parameters of equation (4) have been se
obtained from the mid-range observation. The raw poirtbd (o, a,) = (4,1).
cloud contains on avera@géK points. Point cloud processing The average processing times of the steps for object
is based on the Point Cloud Library [22]. exploration are reported in Table I. Timings for the short-

Figures 7 and 8 illustrate two examples of the reducedhnge exploration (phase two) are for a single iteration.

occupancy grid map computed after the initial mid-rang&xperiments have been performed on an Intel Core2 Quad
observation of the environment. The unknown voxels ar€PU at2.83 GHz. The robot is moved at relatively low
colored in grey, while the occupied voxels are colored in reédpeed during both the first phase (to increase accuracy of
The reduced occupancy grid map has the same visual appeaid-range laser scans) and second phase (due to motion in



TABLE Il
AVERAGE ERROR AND STANDARD DEVIATION FOR REGISTRATION
EXPERIMENTS(OBJECTS INFIGURE 11).

object p-ICP-GPA ICP
avg. error (std)| avg. error (std)

(cm) (cm)
jug 1.7(1.4) 3.1(3.2)
mallet 1.6(1.2) 2.9(3.0)
box 1.8(1.5) 3.0(4.0)
horse 1.9(1.7) 3.4(3.0)
bottle 1.6(0.8) 2.8(3.1)

narrow regions). The time required to update the occupancy
map after each short range observation is significantly lowe
than the time required for the computation of the initial
occupancy grid map from mid-range observation. The total
time for exploration of a single object is about five minutes,
which has been estimated by considering an average of five
short-range views. The total time for the computation of a
complete point cloud model of an object includes the time
for object exploration and the time required for global fpoin
cloud registration, which is discussed at the end of this
section.

The mid-range views of each object, extracted from the
raw point cloud, and the short-range views are undersampled
and contain on averagds points. Figure 11 shows examples
of the point cloud model of some objects before alignment
and after the application of global registration algorithm
Even though the benefit of the p-ICP-GPA algorithm is
noticeable, the quality of the registered point cloud is not
uniform due to the different accuracy of the two range
Sensors.

The p-ICP-GPA global registration algorithm has been
compared to a standard sequential algorithm based on
ICP [22], that registers two consecutive views at a time.
The sequential strategy is not optimal due to error prop-
agation. The complexity of the p-ICP-GPA algorithm is
O(w? - n -log(n)), n being the number of points and the
number of views, while the complexity of sequential ICP
is O(w - n - log(n)). Table Il reports the processing time
of the registration algorithms in a point cloud registratio
experiment with5 views with a total ofl5K points. These
experiments have been performed on an Intel Core i7 CPU
at2.2 GHz to test the performance up &dhreads. Although

thereisn ntrol on thr heduling and the effectsgn
ere Is no controt 0 ead schedu ga d the effects®ne ig. 11. Examples of point cloud registration before (lefiylafter (right)

of hyp(_arthreading, the experim_ent suggests _that the paralh jcp.gpa global registration. Object views have diffareolors. Mid-
execution speeds up registration thus making p-ICP-GPAnge observation is in blue.

faster than sequential ICP.

The p-ICP-GPA algorithm is faster than the sequential
ICP algorithm when using multiple threads. Moreover, theate, accuracy was measured manually by the average error
speedup of p-ICP-GPA i8.14 using 8 concurrent threads to the ground truth of the distance of pairs of keypoints for
with respect to a single threaded execution. The p-ICP-GP&ach object. Convergence was assessed with a supervised
and the sequential ICP algorithms have also been compangacess, by checking whether the correct alignment was
in terms of robustness and accuracy in both real and syaothetichieved. Results confirm that registration with globaC
experiments. A total of30 registration experiments were GPA algorithm (3 registration failures) is more robust than
generated for the objects in Figure 5 (containing an averagegistration with sequential ICP (8 registration failjrasd
of 6 views). Robustness was measured by the convergenomre accurate as shown in Table lll.




V. CONCLUSIONS [14]

In this paper a method for object exploration has been pre-
sented based on hybrid sensor fusion. Two complement
sensors have been used to overcome the physical limitation
of the minimum sensing distance typical of range sensors.
The proposed approach is fully autonomous and it is generﬁg]
in the sense that it does not depend on the choice of the
sensors. Close range exploration is guided by a next best
view planner based on volumetric data. Moreover, a parallgln
algorithm for global registration of multiple views, basea
Generalized Procrustes Analysis, has also been developed
and evaluated. In the current setup a highly accurate 3Eeran£;18]
scanner is used for mid-range observation and a less aecurat
short-range camera for close observations. The benefits of

. . : : - [19
using such a hybrid method for object exploration will
certainly increase with the advent of more accurate and
established short-range sensors. Future work will ingaggi  [20]
strategies to cope with more cluttered environments and
strong occlusions. Object grasping and manipulation witk1]
also be included as they would be helpful to improve the
autonomous exploration capabilities of the robot. [22]
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