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1. Introduction
In recent years the development of automatic
harvesting methods has become crucial, partic-
ularly in Europe, to compensate scarcity of man-
ual harvesting, due to the lack in seasonal work-
force and the increase in the farm labour cost.
Our work focuses on table grape harvesting, a
key sector for the Italian agriculture. Contrary
to wine grapes, table grapes cannot be dented,
this raises the need for robotic solutions to per-
form grape harvesting guaranteeing the integrity
of the bunch and of the plant throughout the en-
tire operation; hence the idea of developing an
uncertainty aware motion planning framework
for a mobile manipulator.
This thesis extends the work of Zandegiacomo
[16], who introduced the concept of uncertainty-
aware planning in simple environments. Build-
ing upon this foundation, we explored the inte-
gration of uncertainty-aware planning in more
complex environments, and investigated the
benefits and limitations of this approach.
To feed the planner with a complete model of
the environment in the surroundings of the tar-
get it has been decided to adopt Next Best View,
an algorithm that scans the environment itera-

tively and selects the most relevant view. The
amount of information provided by a view is es-
timated using a novel definition of Information
Gain, which considers the distance between the
target and the camera view and the potential
unknown volume that the camera can discover.
These two components, in combination, allow
the planner to adapt easily to a variety of situa-
tions, empowering the system with a high level
of autonomy.
The framework is then tested on a Franka Emika
Panda[3] manipulator.

2. State of the Art
2.1. Path Planners
The choice of an efficient planning algorithm
is crucial for developing an effective frame-
work, Zandegiacomo[16], after an analysis of
planners available in the literature decided to
consider ABIT*[15]. This algorithm combines
truncated anytime graph-based searches with
anytime almost-surely asymptotically optimal
sampling-based planners. This allows it to
quickly find initial solutions and then converge
towards the optimum in an anytime manner.
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ABIT* is an improvement of BIT*[6], an in-
formed planner which makes use of heuristics
to guide the search towards promising direc-
tions, while reusing previous information, alle-
viating the computational weight. It is shown
that it is probabilistically complete and asymp-
totically optimal. Advanced BIT* (ABIT*) ex-
tends BIT* to further leverage the separation
of search and approximation in sampling-based
planning: separating the search process from the
approximation process allows each process to fo-
cus on its specific task, leading to improved ef-
ficiency. The algorithm considered in this work
implements the modifications introduced in [16]:
throughout the tree construction and develop-
ment, the algorithm keeps track of the uncer-
tainty in the robot pose due to non ideality of
drives, by integrating a gaussian noise from the
start to the goal, allowing to consider a safety
margin in the collision checking phase propor-
tional to the estimated accuracy of the pose of
the manipulator at that point.

2.2. Automatic Harvesting Technolo-
gies

The integration of path planners in configura-
tion space with the real environment requires
an interface capable of commuting between task
space and configuration space. The identifica-
tion of the goals in task space and their con-
version to the configuration space is a critical
phase: the first step requires the identification
of the grape and its stem (or peduncle) and def-
inition of the cutting point.
This aim has been achieved in “Grape stem de-
tection using regression convolutional neural net-
works” [13], where, for the first time, stem detec-
tion is tackled as a regression problem in a way
to alleviate the imbalanced data phenomenon
that may occur in vineyard images.
After obtaining the region of the stem by the
proposed segmentation algorithm, a geometric
model is employed to calculate the exact loca-
tion of the cutting point. This method is able
to perform in difficult cases of occlusions and
illumination variations.

3. Problem Formalization
This thesis aims at developing a complete frame-
work for motion planning in intricate cluttered
environments, in the presence of uncertainty of

the robot pose. To achieve this objective, the
work focuses on two main aspects: accurate
reconstruction of the environments in the sur-
roundings of the target and robust uncertainty
aware path planning.

4. Methods
4.1. Planner Development
As mentioned above, the path planning algo-
rithm is based on ABIT*. [16] introduced the
idea of estimating the uncertainty, in config-
uration space, by integrating a gaussian noise
along each edge of the tree. Based on the uncer-
tainty, the planner computes the safety margin
using chance constraints, This margin is then
exploited in the collision checking procedure ac-
counting for the uncertainty in the pose. The
procedure adopted in [16] for computing the
safety margin implies the environment to be rep-
resented by a set of polytopes, each defined with
a finite number of inequalities. However, such
representation is only applicable in simple not
realistic environments.

4.1.1 Uncertainty in Complex Cluttered
Environments

The main contribution of this work for what
concerns the uncertainty aware motion planning
consists in extending this idea to complex clut-
tered realistic environments. For this reason it
has been necessary to abandon the polytopes
representation in favor of other representations.
The environment model that best fit our needs
was OctoMap [8], an integrated framework
based on octrees for the representation of three-
dimensional environments as a hierarchical data
structure, where each node represents the space
contained in a cubic volume (voxel). This vol-
ume is recursively subdivided into eight sub-
volumes, until a given minimum voxel size is
reached. This representation allows for data re-
trieved by a variety of sensors (e.g., LiDARS,
Depth Camera,...) to be directly interpreted.
The model hence obtained, however, no longer
allows the use of chance constraints.
This thesis introduces the idea of defining a vol-
ume in which a given point may be located
given the uncertainty of the robot. Such vol-
ume can be defined as the confidence interval of
a multivariate normal distribution with a deter-
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Figure 1: Confidence region in the case of a 2D
distribution.

mined mean and covariance, conveniently con-
verted from configuration space to task space
through the jacobian of the manipulator.
By setting the critical value of the χ2 distribu-
tion with n degrees of freedom, it is possible to
define an hyper-ellipsoid that includes, with the
given probability, the position of the considered
point (Figure 1). Such ellipsoid is centered in
the mean of the distribution, has axis aligned
with the eigenvalues of the covariance matrix,
and has length of the semi-axis equal to:

li =
√
λiχ2

crit, i = 1, .., n

Once the hyper ellipsoid is defined, it is possible
to compute the safety bound for the considered
point, which can be chosen as the greatest semi
axis. Propagating covariance in joint space al-
lows for the computation of margins for multiple
points in the kinematic chain, allowing for a col-
lision checking tailored on the actual uncertainty
of each link. Algorithm 1 encodes the previously
introduced procedure. It receives as inputs the
joint configuration (x), the covariance matrix of
the considered configuration (PJS), the list of
points of interest on which safety margin cal-
culations are desired (Points), and it outputs
the list of safety margins for each of the points
of interest. PTS represents the covariance ma-
trix in task space, V is the list of the eigenvec-
tors, Λ is the list of the eigenvalues, L is the
list of semi-axis of the hyper ellipsoid, χ2

crit is
the critical value of the chi-square distribution
given the number of degrees of freedom and sig-
nificance level, and margins contains the list of
safety margins. The computed safety margins
will be sent to the collision-checking algorithm
which will asses if the considered edge is safe to
traverse or if it will cause collisions.

Algorithm 1 SafetyMargins(x, PJS , Points)

margins← ∅
for all pi in Points do
J ← computeForwardKinematics(x, pi)
PTS ← JPJSJ

T

(V,Λ)← extractFeatures(PTS)
L← ∅
for all λi in Λ do
L

+←
√
λiχ2

crit

end for
margins

+← max
i
li ∈ L

end for
return margins

4.1.2 Collision Checking

Collision checking is a crucial aspect of path
planning. The most widespread collision check-
ers, also present in MoveIt![2], are FCL[11] and
Bullet[5]. Thanks to its flexibility, speed and
compatibility with Octomaps and meshes it has
been decided to adopt FCL. This package, how-
ever, does not allow to consider a safety margin
when checking collisions between two objects. A
more suitable alternative, still compatible with
the chosen collider types is a modified version
of FCL: HPP-FCL[9]. Thanks to its improve-
ments, it is possible to perform a collision check
taking into account a collision safety margin. In
addition to that, tests shown an improved speed
allowing for an overall faster collision checking
procedure.

4.1.3 Multiple goals planning

Planning with multiple goals is a fundamental
feature when planning in configuration space
with redundant manipulators: in fact these
robots allow to reach a target with multiple pos-
sible configurations. In addition to that, this ap-
proach opens to the possibility of defining mul-
tiple goals in task space (i.e. different grasping
positions), increasing the chances of finding a
feasible path.

Goals sampling in Task Space As discussed
in Section 2, [13] provides a single cutting point
at the center of the stem, however, to increase
the chance of success of the planning procedure
it has been decided to feed the planner with a
set of possible goals.

3



Executive summary Mattia Canclini

To obtain a set of goals uniformly distributed
in a grasping volume it is possible to adopt the
Workspace Goal Region[4] technique, which de-
fines a set of six constraints, three positional
and three angular (RPY) in the Task Space. A
generic WGR consist of three parts:
• T0

w: reference transform of the WGR from
w, the frame that identifies the target
(grasping object frame) to the world coor-
dinates represented by 0, a common fixed
reference frame;
• Tsample

sample′ : end-effector offset transform from
the sampled grasping pose (sample) to the
end-effector grasping pose, (sample′);
• Bw: 6 × 2 matrix of bounds in the coordi-

nates of w:

Bw =



xmin xmax

ymin ymax

zmin zmax

ψmin ψmax

θmin θmax

ϕmin ϕmax

 .

Sampling from a single WGR is done by first
sampling a random value within the bounds de-
fined by Bw with uniform probability. These
values are stored in the dwsample vector which
expresses the displacement of the sample from
the w frame. dwsample is then converted from
(x, y, z, R, P, Y ) into the transformation matrix
Tw

sample, and finally into world coordinates, ap-
plying the transformation matrix from the ref-
erence frame to the w frame.
An additional transformation matrix is needed
to cope with geometrical offsets of the end effec-
tor geometry:

T0
sample′ = T0

wT
w
sampleT

sample
sample′ (1)

where sample identifies the frame of the sam-
ple, while sample′ accounts for the additional
displacement of the end effector.

Task Space to Configuration Space Goals
Definition The computed goals set has to be
converted in configuration space, so that it can
be managed by the path planner. This opera-
tion requires computation of the Inverse Kine-
matics. However, having the selected manipu-
lator 7 joints, the Inverse Kinematics problem
does not generally have closed form. In addition

to that, the manipulator has non Euler shoul-
der and elbow, making the kinematic chain too
complex for the majority of solvers available in
the literature. [14] introduced a novel analytical
IK solver for Franka Emika Panda, completely
based on robot geometry.
To obtain a unique IK solution, the last joint an-
gle q7 must be specified as redundancy param-
eter. Its value is randomly selected and treated
as known by the IK solver.
The algorithm returns for each pair of one of the
h goals in task space and a random q7, a set of
possible joint configurations which are sent to
the planner, defining the complete goal set.

Algorithm 2 SampleGoals(wgr,m, l, h)

GoalsJS ← ∅
for m times do
sWGR ← SampleWGR(wgr.Bw)
s0 ← toF ixedRefFrame(sWGR, wgr)
for l times do
q7← random(q7min, q7max)

GoalsJS
+← IK(s0, q7, h)

end for
end for
return GoalsJS

Algorithm 2 explains the sampling procedure
which allows to obtain the desired number of
goals in joint space. The functions here intro-
duced are:
• SampleWGR(wgr) returns a randomly ex-

tracted sample among the limits of the
passed WGR;
• toF ixedRefFrame(sWGR, wgr) converts

the sample from the WGR frame to
the fixed reference frame, introducing, if
present, the offset of the EE. The wgr is
required because it contains the transfor-
mation matrices necessary to compute the
conversion introduced in Equation (1);
• random(q7min, q7max) returns a random

angle for the 7th joint between its limits;
• IK(s0, q7, h) runs the IK algorithm from

[14], requiring to compute h IK solutions
for point s0 given q7.

The obtained configurations are not guaranteed
to be collision free, for this reason the path plan-
ner performs as first step a collision check remov-
ing all the unfeasible configurations.
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Figure 2: Sampling from arbitrarily overlap-
ping sets (a) with independent sampling, (b) by
probabilistically rejecting samples in proportion
to their individual membership. Images from [7]

Multiple goal sampling region definition
Having multiple goals, however, arises a new
problem. It is not possible to simply define as
many ellipsoids as the number of goals and then
sample in each of them separately: it will lead to
over-sampled areas, i.e. where the ellipsoids in-
tersect, and under-sampled areas elsewhere (Fig-
ure 2a). A consistent solution was found in [7],
where an algorithm guaranteeing uniform sam-
pling density among multiple hyper-ellipsoids is
introduced. This requirement can be achieved
by probabilistically rejecting samples in propor-
tion to their membership in individual sets. This
creates a uniform sample distribution for multi-
goal L2 informed sets defined by arbitrarily over-
lapping individual informed sets (Figure 2b).

4.2. Next Best View
For an effective planning, prior knowledge of the
environment is fundamental. Next Best View
(NBV), introduced in 1985 in [1], answers the
desire of having complete models of a scene. In
order to obtain a complete model, NBV selects
iteratively the view which, in some sense, pro-
vides the most relevant information. [10] ad-
dressed the autonomous exploration-inspection
problem, introducing the idea of regions of inter-
est towards which to direct the mapping based
on information from a radiation sensor.
Building on this idea we developed the weighted
sum based information gain of Equation (2)
combining discoverable unknown volume and a
quality assessment factor of the candidate view,
based on the position of the camera with respect
to the target.

iG = k1 · unknownV oxels− k2 · distanceAngle
(2)

The unknownV oxels represent the unknown

Figure 3: Representation of the distance as func-
tion of the angle.

volume discoverable from the selected point of
view, and it is computed by a dedicated func-
tion inspired by [12], and returns the volume of
visible unknown voxels in the field of view of the
camera.
The distanceAngle factor is computed accord-
ing to:

distanceAngle(α) =
√
target2y + target2z, if 0 ≤ ∥α∥ < π/2

2 · ∥target∥ −
√
target2y + target2z,

if π/2 ≤ ∥α∥ ≤ π

where α is computed as

α = cos−1

(
targetx
∥target∥

)
These formulas lead to the second plot in Fig-
ure 3, which is strictly increasing for 0 ≤ α ≤ π
and strictly decreasing for −π ≤ α < 0, which
favors views with the camera close to the target
and pointing at it.
This algorithm, executed before the planning al-
lows for an accurate reconstruction of the rel-
evant portion of environment interested in the
planning.

5. Results
The proposed framework was evaluated in sim-
ulation in a realistic vineyard environment ap-
plying disturbances at the robot base and on
the joint angles. The framework demonstrated
the ability to efficiently plan paths while consid-
ering uncertainty for obstacle avoidance. The
positional error on the x, y and z axis caused
by the uncertainty on the joints is plotted in
Figure 4. In addition the base was subject to
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Figure 4: Simulated position error of the end
effector.

a random value between ±0.01m on each axis.
The Target-oriented Next Best View approach
was able to accurately reconstruct the environ-
ment by selecting informative viewpoints for the
sensor to capture. The safety margin method
effectively increased the safety of the robot by
allowing it to avoid collisions with obstacles.

6. Conclusions
This thesis developed a complete framework for
motion planning that can deal with uncertainty
in a natural and cluttered environment such as
a vineyard, which combines the use of ABIT*
for efficient path planning, Target-oriented Next
Best View for accurate environment reconstruc-
tion, and a novel method for defining a safety
margin based on the estimated time-projected
uncertainty of the manipulator’s pose repre-
sented as a χ2 distribution. The incorporation
of a multi-goal approach increased the robust-
ness and exploration of the space, allowing for
better manipulation.
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