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Abstract— Containerized vertical farming is a type of vertical
farming practice using hydroponics in which plants are grown
in vertical layers within a mobile shipping container. Space
limitations within shipping containers make the automation
of different farming operations challenging. In this paper, we
explore the use of cobots (i.e., collaborative robots) to automate
two key farming operations, namely, the transplantation of
saplings and the harvesting of grown plants. Our method uses
a single demonstration from a farmer to extract the motion
constraints associated with the tasks, namely, transplanting
and harvesting, and can then generalize to different instances
of the same task. For transplantation, the motion constraint
arises during insertion of the sapling within the growing tube,
whereas for harvesting, it arises during extraction from the
growing tube. We present experimental results to show that
using RGBD camera images (obtained from an eye-in-hand
configuration) and one demonstration for each task, it is feasible
to perform transplantation of saplings and harvesting of leafy
greens using a cobot, without task-specific programming.

Video— https://youtu.be/KMqA-4GvKwk

I. INTRODUCTION

Vertical hydroponic farming is a farming practice in which
crops, typically leafy greens, are grown in an indoor envi-
ronment with controlled temperature and lighting. There are
two ways in which the crops are grown: (a) in horizontal
layers that are stacked vertically (usually used in large
abandoned warehouses and buildings), and (b) in vertical
layers that are stacked horizontally (usually used in mobile
shipping containers; see Figure 1). We will call the latter
Containerized Vertical Farming (CVF). Apart from sharing
other environmental benefits of vertical farming [1], [2], CVF
ensures hyperlocal food production, as these mobile con-
tainers can be located directly at the point of consumption,
thereby significantly reducing transportation overheads and
ensuring longer shelf life and freshness of the produce.

However, current CVF practice is labor intensive, es-
pecially because it requires key agricultural steps such as
transplantation of saplings, harvesting, and crop inspection
to be performed manually. In CVF, space constraints of
the shipping containers, as well as the different layout of
plants, preclude the use of automated devices [3]–[7] built
for vertical farming applications in warehouses (or large
buildings). Therefore, the objective of this paper is to explore
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Fig. 1: Vertical Farm in a shipping container with vertical grow
panels stacked horizontally.

the use of commercial standard cobots (i.e., collaborative
robots) to automate key vertical farming operations in CVF.

Figure 1 shows a typical CVF where the spacing between
the grow panels is so small that the panels must be man-
ually moved apart for a human to enter (Figure 1 shows
such a configuration in which the two middle panels have
been moved to make enough space for a human to enter).
Apart from precluding the use of automated devices recently
developed for vertical farming in large warehouses, this setup
with tight space constraints also precludes the use of mobile
manipulators (possibly on rails) that are traditionally used in
harvesting operations in open farms or greenhouses. Figure 2
shows a schematic sketch of our envisioned CVF, where the
vertical grow panels move on conveyors and stop at a robotic
workstation where the robot performs the farming tasks.

Conveyors that can carry the grow panels exist today.
However, one key challenge in realizing our vision of CVF
is for the robot to perform reliably the various manipulation
tasks involved in farming using (RGBD) camera images.
For this paper, we consider two manipulation tasks, namely,
transplanting of saplings and harvesting (by removing
the whole plant with the root intact). Both of these tasks
require constrained motion of the robot end effector, which
is a challenging problem, especially when estimation of the
constraints have to be based on the image data. For trans-
plantation, the motion constraint arises during insertion of
the sapling within the growing tube, whereas for harvesting,
it arises during extraction from the growing tube. In both
cases, the explicit representation of the constraints depends
on the pose of the slots in the growing tube, which have to be
estimated from images. Thus, programming the constraints
required to execute the task successfully requires someone
with specialized knowledge in robotics, which most farmers
will not have. Therefore, it is hard for a farmer to repurpose
general purpose manipulators for performing tasks in a CVF.
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Fig. 2: Schematic sketch of our CVF with grow panels moving on
conveyors, cobot workstation, and remotely monitoring farmer.

However, for cobots, a farmer can easily hold the hand
of the robot and show it how to perform a task (in zero-
gravity mode). A single successful demonstration implic-
itly contains the constraints the end-effector motion should
satisfy during task execution. Therefore, in principle, it is
possible to use this single demonstration to plan a path for
the robot to perform different instances of the task (e.g., use
a demonstration of inserting a sapling in one slot to insert it
in another slot). We present a novel method of manipulation
planning for transplantation and harvesting tasks that com-
bine (a) a deep learning-based foundation model for image
segmentation, namely, the Segment Anything Model (SAM)
from Meta AI [8] (b) geometric knowledge of the slots in the
growing tubes, and (c) a screw-geometric representation of
the demonstration as a sequence of constant screw motions
or one-parameter motion subgroups of SE(3) (the group of
rigid body motions), as proposed in [9]. Using SAM, the
geometry of the slot openings, and the kinesthetic demon-
stration, we obtain the constraints for the new task instance
as motion subgroup constraints, which can be satisfied using
Screw Linear Interpolation (ScLERP) as a basic motion
planner [10]. We present experimental results to show that
our method can indeed generalize from one demonstration
to perform transplantation and harvesting tasks.

II. RELATED WORK

Robotic and AI-based technologies have been developed
and used extensively for open-field farming [11]–[13]. These
technologies range from automated monitoring and inspec-
tion [14]–[20], harvesting [11], [19], [21]–[23] to post-
harvest processing of the produce [15], [16], [19], [20].
Robotic technologies have also been developed and deployed
in greenhouses [24] specifically for the purposes of har-
vesting fruits and crops [25]–[27] and weeding [28]–[30].
A key point to note is that existing robotic technologies
developed for open-field farming or greenhouses cannot be
used directly for automation in Containerized Vertical Farms
(CVFs) mainly due to the drastically different layout and
design of cultivation systems along with space constraints.

Recent work on introducing automation [31], robotics [2],
[32], [33] or AI-based technologies for vertical farming has
focused mainly on the development of live monitoring and
inspection systems [34]–[39] that can anticipate working
conditions based on the data available from various modal-
ities. However, these systems have been developed mainly
for vertical hydroponic farms located in large spaces such as
warehouses. Thus, there is a dearth of robotic technologies
developed specifically for CVFs due to the difficulty in repre-

senting the motion constraints on the robotic end-effector for
different farming operations and also due to the limited space
for operation. An excellent survey article [13] discusses
human-robot interaction in agriculture and the potential use
of cobots in conjunction with humans. The authors advocate
for developing approaches for interaction between humans
and cobots such that they are well suited to the needs of the
task and the environment. Therefore, in order to overcome
the issue of representing motion constraints associated with
farming operations, like transplanting and harvesting, in con-
strained spaces, we propose using cobots alongside farmers
in CVFs. The task-related motion constraints can be captured
using kinesthetic demonstrations provided to the cobot by a
farmer.

Although there are a variety of approaches to learn-
ing from demonstration (see [40]–[42] and the references
therein), in this work, we focus on methods wherein the robot
can use even a single demonstration for planning. An ap-
proach to generate motions from a single demonstration is the
use of Dynamical Movement Primitives (DMP) [43]–[46],
which is a dynamical systems-based approach. While this
is an elegant bio-inspired approach, DMPs do not consider
end-effector motion constraints explicitly. Since satisfying
end-effector motion constraints is critical to the tasks of
transplantation and harvesting, we use a screw-geometric
approach [9], [47].

In [9], we proposed an approach for extracting task-related
constraints for complex manipulation tasks such as scooping
and pouring using a single kinesthetic demonstration by
exploiting the screw geometric structure of motion. The
extracted task-related constraints are stored as a sequence
of constant screw motions (or one-parameter subgroups
of SE(3)) that are coordinate invariant. This sequence of
constant screw motions can then be used to generate motion
plans for a different instance of the same task assuming that
the pose of the task-related objects is known. In this work,
we use a similar approach for extracting and transferring
task-related constraints using kinesthetic demonstrations for
the transplanting and harvesting operations inside a CVF.
However, in this work, the pose of the task-related objects
is not known beforehand as was assumed in [9].

III. MATHEMATICAL PRELIMINARIES

In this section, we provide a brief review of the back-
ground knowledge required for this work. The joint space of
the robot is the set of all possible joint configurations and is
denoted by J ⊂ Rn where n is the number of degrees of
freedom of the robot. The set of all rigid body configurations
is SE(3), the Special Euclidean Group of dimension 3. An
element of SE(3) is also referred to as a pose. Thus, the task
space T of the robot, i.e., the set of end-effector poses, is a
subset of SE(3). The joint configuration of the robot, Θ ∈ J
is a vector of length n. For every valid joint configuration
Θ the forward kinematics of the manipulator maps it to a
unique end-effector pose, g ∈ T .
Task Instance: Objects whose poses affect the genera-
tion of manipulation plans to perform a task are called
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Fig. 3: Solution Approach Overview: Left Image - A) Eye-in-hand setup used to capture RGBD images B) Obtained RGBD image from
sensor with the rough slot position estimate shown C) Position estimate of slot in the pixel space show as a blue dot and corresponding
mask obtained from SAM shown in orange D) 3D points corresponding to slot segmented out of the RGBD image E) Bounding box fit to
the 3D points corresponding to the slot for pose estimation F) Pose estimate of slot; Right Image - Schematic sketch of motion estimation
from demonstration for a transplanting task G) Recorded demonstration show with * used to respresent SE(3) poses to help reduce clutter
H) The recorded demonstration is segmented into a sequence of constant screws to identify the sequence of motion subgroup constraints
on the end-effector motion relative to the task-related objects that lie within the region-of-interest of the plant sapling and planting slot
I) Transferring the extracted constraints to a new planting slot and determining the final end-effector motion as a sequence of constant
screws.

task-relevant objects. A task instance is defined as the set
of all task-relevant object poses, and it is denoted by O.

Kinesthetic demonstration: A user can provide a kines-
thetic demonstration D by enabling the zero gravity mode
and then moving the robot’s end-effector to perform the ma-
nipulation task. A particular demonstration D is associated
with a task instance O. The kinesthetic demonstration is
recorded as a sequence of joint angles, i.e., a path in J ,
which can be mapped to a path in the task space T using the
forward kinematics map. Throughout this paper, whenever
we mention a demonstration, we refer to the sequence of
poses, D = {g1,g2,g3, ...,gn} in the task space T that the
end-effector of the robot goes through while performing the
task.

Screw Displacement: Chasles-Mozzi theorem states that the
general Euclidean displacement/motion of a rigid body from
the origin I to T = (R,p) ∈ SE(3) can be expressed as a
rotation θ about a fixed axis S, called the screw axis, and a
translation d along that axis. Plücker coordinates can be used
to represent the screw axis by ω and m, where ω ∈ R3 is
a unit vector that represents the direction of the screw axis,
m = r × ω, and r ∈ R3 is an arbitrary point on the screw
axis. Thus, the screw parameters are defined as ω,m, h, θ,
where h is the pitch of the screw and θ is its magnitude.
In general, for pure rotation and general screw motion, h is
finite, while for pure translation, h = ∞ with θ replaced
by d. A constant screw motion is a motion where the
parameters ω,m, and h stays constant throughout the
motion.

Screw Linear Interpolation (ScLERP): To perform a one
degree-of-freedom smooth screw motion (with a constant
rotation and translation rate) between two object poses in
SE(3), Screw Linear interpolation (ScLERP) can be used.
ScLERP generates a geodesic motion between two given

poses in SE(3).

IV. PROBLEM STATEMENT

The goal of this paper is to study the feasibility of using
robotic manipulators for automating tasks in CVF by using a
single user provided kinesthetic demonstrations of such tasks.
To evaluate this we have considered two tasks in this study:
1) Transplanting of saplings 2) Harvesting grown plants.

Using a single demonstration for each task (one demon-
stration for the transplanting task and one demonstration for
the harvesting task), and sensor information from an RGBD
camera, we want to transplant saplings into the growing tube
and then harvest the grown plants from the growing tube.
Note that any successful demonstration implicitly contains
the constraints that characterize the tasks. We will now
provide the problem statement for each task separately:
Transplanting Problem: Given a single demonstration D
of the transplanting task and an RGBD image I of the slot
where the sapling is transplanted, taken before providing
the demonstration, compute the motion plan, i.e., the
sequence of joint configurations M = {Θ1,Θ2, ...,Θm},
that would allow the robot to perform the transplanting
task successfully when provided with the RGBD image I ′

of a different slot where the sapling has to be now planted.
For the harvesting task, when the plants are grown, the

slots in the growing tubes and the base of the plants are
occluded. In this case, we cannot use the image to estimate
the pose where the plant should be grasped. However, as we
will discuss in the next section, since during transplantation,
we estimate a reference frame associated with a slot, we will
use this to formulate our problem.
Harvesting Problem: Given a single demonstration D of
the harvesting task, and the reference frame of a different
slot from which the plant has to be harvested, compute the
motion plan M = {Θ1,Θ2, ...,Θm} that would allow the
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robot to perform the task successfully.
Note that in setting up the above problems, we assume that

the tray containing the saplings to be transplanted and the
collection tray for the harvested plants are located at a fixed
pose within the robot workspace and known to the robot.
Also, since the geometry of the growing tubes is similar
(but not same), we use information such as the angle made
by the axis of the cylindrical slot with the horizontal, the
spacing between consecutive slots in the growing tube, and
the distance between adjacent growing tubes on the panel to
estimate the rough position of the slots within the workspace
of the robot. These assumptions are reasonable since we are
not modifying the environment in any way, just exploiting
the existing structure of the environment in a CVF.

V. SOLUTION APPROACH

The key aspect of our solution approach is the use of a
screw-geometry based representation of task constraints as
proposed in [9]. Furthermore, we also take advantage of the
knowledge of the geometry of the growing tubes to estimate
the pose of the slots in the growing tube. The screw-geometry
based representation allows us to transfer the task constraints
extracted from the demonstration relative to the pose of the
new slot. These transferred screw constraints then allow us
to use Screw Linear Interpolation (ScLERP) combined with
Jacobian pseudo-inverse to compute a motion plan in the
joint space [10]. The use of ScLERP ensures that the motion
constraints present in the demonstration are transferred to the
motion plan for the new task instance. The three key steps
in our solution approach are detailed below.
Screw Extraction: First, we extract the task constraints
embedded in the demonstrated motion of the end-effector
as a sequence of constant screws. The rationale behind the
screw-geometry based representation of task constraints as
stated in [9] is two-fold. First, it can be inferred from
Chasles’ theorem than any path in SE(3) can be approx-
imated arbitrarily closely as a sequence of constant screw
motions. This is analogous to the fact that any curve in R3

can be approximated arbitrarily closely by a sequence of
straight line segments. Second, the screw representation is
a coordinate-invariant representation (meaning that it does
not depend on the choice of the coordinate frame at the
end effector of the robot) and also maps the motion to
a single parameter subgroup of SE(3), which potentially
allows better generalization properties. The extracted con-
stant screw constraints allow us to express the demonstration
D = {g1,g2,g3, ...,gn} as a sequence of constant screws
G = {g1,gk1

,gk2
, ...,gku

,gn}. Here, every two consecutive
poses in G, (gi,gi+1), where, i = 1, k1, k2, ..., ku, n define
a constant screw segment with the entire demonstration
consisting of u+1 constant screw segments. The sequence of
constant screws G, is a sub-sequence of the demonstration D
and 2 ≤ ki ≤ (n− 1) with ki < ki+1∀ i = 1, 2, ..., (n− 1).
Goal Estimation: To define the task instance associated
with the demonstration or with the execution of a new
instance, we need the poses of the task relevant objects.
For the transplanting task, this consists of the pose of the

planting slot, gs in the growing tube and the pose of the
pod containing the sapling, gp. Similarly, for the harvesting
task, this consists of the the pose of the planting slot, gs

in the growing tube and the pose of the collection tray, gt.
The pose of the pod containing the sapling, gp and the pose
of the collection tray, gt are known because we assume that
they are placed at a known location. Since we do not have
information about the exact pose of the slots, we need to
estimate its pose for defining the task instance which would
then allow us to express the task constraints relative to the
pose of the slot. We define the pose of a slot to be the pose
of a bounding box that bounds the 3D points corresponding
to that slot obtained from the RGBD image of the growing
panel. We identify the 3D points corresponding to a slot by
first segmenting the pixels corresponding to that slot in the
RGB image using SAM, and then de-projecting those pixels
to R3 using the camera intrinsics.

Given an RGB image, SAM performs segmentation by
generating the set of all possible masks on the image. A
mask is a set of pixels corresponding to a specific region of
the image. In order to extract the 3D points corresponding
to a specific slot, we need to extract the corresponding mask
from the set of all the masks generated by SAM. Since we
are operating in a structured environment, both the camera
extrinsics and a rough estimate of the slot position in R3 are
known. This rough position estimate is projected back on
to the pixel space i.e., the RGB image to extract the mask
corresponding to the slot. A sample output of this process is
shown in Figure 3-C where the position estimate of slot in
the pixel space is shown in blue and the corresponding mask
is shown in orange.

The pose of the planting slot, gs obtained through this
process allows us to define the task instance for the trans-
planting task, Ot = {gp,gs}. While it is possible to obtain
the RGBD image of the growing panel before performing
the transplanting task, it is however difficult to obtain one
before performing the harvesting task as the foliage of the
grown plants occlude the growing panel. But, due to the fact
that a plant can be harvested only after it is transplanted, the
pose estimate of the slot obtained before the transplanting
task can be used to define the task instance of harvesting,
Oh = {gs,gt} from the same slot. In this manner, for every
slot in which we transplant a sapling, we also define a task
instance of harvesting from that corresponding slot to be used
for performing harvesting in the future.
Transfer of Demonstration: Recall that we have a demon-
stration D = {g1,g2,g3, ...,gn} of the transplanting task
and suppose that we have identified the task instance Ot =
{gp,gs} associated with this demonstration. For transferring
the demonstration, we need to identify the task relevant
constraints that need to be followed to successfully execute
this task as a sequence of motion subgroup constraints on
the end-effector motion relative to the task-related objects.
Based on the heuristic defined in [9], we follow the definition
of task-relevant constraints as, the sequence of motion
subgroup constraints obtained from the provided demon-
stration that need to be enforced relative to the task-related
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Fig. 4: Experimental Setup: A, B: Demonstration for transplanting task, C, D: Execution from provided demonstration for transplanting
task, E, F: Demonstration for harvesting task, G, H: Execution from provided demonstration for harvesting task

object within a region-of-interest surrounding them. So we
construct the region-of-interest as a sphere surrounding each
task-related object, which are the sapling and the planting
slot, to identify the task-relevant constraints that lie within
this sphere.

Using the sequence of constant screws, G =
{g1,gk1

,gk2
, ...,gku

,gn}, extracted from the demonstration
D, we identify the constant screws that lie inside the
region-of-interest of the sapling as {gkp1

,gkp2
, ...,gkpl

} and
the ones lying inside the region-of-interest of the planting
slot as {gks1 ,gks2 , ...,gksl

}. Both the sequences are disjoint
sub-sequences of G with, k1 ≤ kp1 < kpl < ks1 < ksl ≤ ku.
We express them relative to the local frame of
reference as Gp = {g−1

p gkp1
,g−1

p gkp2
, ...,g−1

p gkpl
}

and Gs = {g−1
s gks1

,g−1
s gks2

, ...,g−1
s gksl

}. Given
a new task instance (g′

p,g
′
s) of transplanting into a

different slot, we can now determine the sequence of
motion subgroup constraints on the end-effector motion
as G′

p = {g′
pg

−1
p gkp1

,g′
pg

−1
p gkp2

, ...,g′
pg

−1
p gkpl

} and
G′
s = {g′

sg
−1
s gks1

,g′
sg

−1
s gks2

, ...,g′
sg

−1
s gksl

}. We can
now construct the sequence of constant screws that
the end-effector needs to follow to execute the task as
G′ = {G′

p,G′
s}. Figure 3-G,H,I show a schematic sketch

of motion estimation from demonstration for a new task
instance of the transplanting task. A similar approach can be
followed for the transfer of demonstration of the harvesting
task.

VI. EXPERIMENTAL RESULTS

To evaluate our approach we conducted experimental
trials for both tasks. The experiments were carried out in
a laboratory with the Franka Emika Panda manipulator fixed
on a table and a CVF setup consisting of a grow panel
with three vertical growing tubes in front of the robot
(see Figure 3, 4). The robot was equipped with a standard
parallel jaw gripper to grasp the objects. Each growing tube
had multiple plantings slots into (from) which the sapling
(grown plant) should be planted (harvested). We used only
the planting slots in the growing tubes that were within the
workspace of the manipulator as the robot base was fixed to
the table and the growing tubes are stationary. We use an Intel
Realsense D415 camera in an eye-in-hand configuration for
obtaining sensor data in form of RGBD images. The growing
panel arrangement used three tubes, each of a different

specification and two types of slot specification. The different
tube and slot specifications are show in Figure 5. The reason
for the variability in the specifications was to evaluate the
performance of the robot against different specifications used
in CVF. Also the dimensions of the pods containing the
saplings are show in Figure 5.

We provided multiple demonstrations for each task, and
using each demonstration we conducted multiple trials. Fig-
ure 4 shows the experimental setup. Figure 4-A, B shows
how the demonstrations were provided for the transplanting
task. Figure 4-C, D shows the execution of the transplanting
task using the provided demonstration. Figure 4-E, F shows
how the demonstrations were provided for the harvesting
task. Figure 4-G, H shows the execution of the harvest-
ing task using the provided demonstration. The results of
the conducted experiments are summarised in Table I. We
observed an overall success rate of 83.8% when using our
approach. Among the trials conducted for both tasks, for
each demonstration we included trials on a growing tube of
a specification that was different from the one using which
the demonstration was provided. The robot performed the
tasks successfully even under such variations. This shows
the robustness of our approach.

Fig. 5: Left Image - View of growing panel from front showing
pipe and slot dimensions; Right Image - View of tray containing
sapling pods showing the dimensions of the sapling pods

Transplanting Task: The main takeaway from the results
of the transplanting task is that using the screw-geometry
based representation of task constraints combined with the
estimation of the goal using sensor data it is possible to
capture the task constraints and use it for generating the
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motion plan for a new task instance even when there are tight
tolerances such as in the case of inserting the pod containing
the sapling into the slot in the growing tube. Even though
point cloud obtained from the RGBD sensor is noisy and
has some occlusions (See Figure 3), we were able to insert
the sapling pod which has a square cross-section of 15 mm
at its widest part into the planting slots of 30 mm and 35
mm diameter while also satisfying the task constraints. We
observed two failures for this task. Both failures were due
to the combined effects of gripper geometry and error in
the pose estimate of the planting slots. In one case, the
pod was not fully inserted in the slot, and in the other
case the fingertip of the robot gripper hit the planting slot
and was unable to insert the pod into the slot. We believe
that changing the gripper geometry by making it thinner
and longer can make the insertion process more robust and
increase the success rate.
Harvesting Task: For the harvesting task since the foliage
of the fully grown plants occlude the growing tubes com-
pletely, it is hard to use RGBD sensor information to identify
the location of the slots that would allow us to grasp the plant
at the base of the main stem. However, as stated before, we
can use the estimate of the slot obtained during transplanting
to harvest the fully grown plant. So using the pose estimates
of the planting slots from the transplanting task, we perform
the harvesting task. For this task we observed only one type
of failure. All failures were due to leaves of the neighbouring
plant getting caught in between the gripper tips during
harvesting of a grown plant. This causes the neighbouring
plant to also be harvested but slip from the gripper after
being pulled out of the planting slot and eventually fall down.
This issue could also be potentially resolved by better gripper
design choices.

Task Demo No. No. of Trials Successful

Transplanting
Demo #1 5 4
Demo #2 5 4
Demo #3 5 5

Harvesting

Demo #1 4 3
Demo #2 4 3
Demo #3 4 4
Demo #4 4 3

TABLE I: Experimental Trials

VII. CONCLUSION

In this paper, we present a novel method for performing
two key tasks that arise in containerized vertical farming,
namely, sapling transplantation and harvesting, using a cobot
arm. Both tasks are characterized by the presence of end-
effector motion constraints, which are difficult to specify
and have to be estimated based on image data. This makes it
challenging to apply constrained motion planning algorithms
and learning from demonstration algorithms that do not try to
extract the constraints present in the demonstration. We show
that representing the constraints present in a demonstration
as motion subgroups in SE(3) is a viable way to plan for

these tasks. We presented a method to use the extracted
motion subgroup constraints to generate the motion subgroup
constraints for new task instances based on RGBD images of
the scene and geometric knowledge of the growing tubes. As
motion subgroup constraints can be satisfied using ScLERP-
based planners [10], we can ensure that the generated motion
plans satisfy the constraints characterizing the tasks. Our
experimental results, conducted with a Franka Emika Panda
robot with a wrist-mounted RGBD camera and a parallel jaw
gripper, showed a success rate of about 83.8%. The failures
were mainly due to the geometry of the gripper (i.e., the
thickness and length of the fingers). We believe that our
results can be further improved with customized grippers
with different finger length and thickness, and optimizing
the gripper dimensions for these tasks is a future avenue of
research that we will pursue.
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