Bioinspiration & Biomimetics

TOPICAL REVIEW « OPEN ACCESS

Soft robotics for farm to fork: applications in
agriculture & farming

To cite this article: Costanza Armanini et al 2024 Bioinspir. Biomim. 19 021002

View the article online for updates and enhancements.

You may also like

- Hard magnetics and soft materials—a

synergy
P Narayanan, R Pramanik and A
Arockiarajan

- Towards an ontology for soft robots: what

is soft?
Kevin Chubb, Damon Berry and Ted Burke

- Perspective—Five Sensor-Centric Grand

Challenges in Soft Robotics
Kunal Singh, Ajit Khosla and Shilpa Gupta

This content was downloaded from IP address 3.136.97.64 on 04/05/2024 at 20:25


https://doi.org/10.1088/1748-3190/ad2084
https://iopscience.iop.org/article/10.1088/1361-665X/ad2bd8
https://iopscience.iop.org/article/10.1088/1361-665X/ad2bd8
https://iopscience.iop.org/article/10.1088/1748-3190/ab483f
https://iopscience.iop.org/article/10.1088/1748-3190/ab483f
https://iopscience.iop.org/article/10.1149/2754-2726/ad08d6
https://iopscience.iop.org/article/10.1149/2754-2726/ad08d6

I0P Publishing

@ CrossMark

OPEN ACCESS

RECEIVED
17 June 2023

REVISED
23 September 2023

ACCEPTED FOR PUBLICATION
19 January 2024

PUBLISHED
27 February 2024

Original Content from
this work may be used
under the terms of the
Creative Commons

Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOIL.

Bioinspir. Biomim. 19 (2024) 021002

Bioinspiration & Biomimetics

TOPICAL REVIEW

https://doi.org/10.1088/1748-3190/ad2084

Soft robotics for farm to fork: applications in agriculture & farming

Costanza Armanini’
Marcello Calisti’

, Kai Junge'
and Josie Hughes"*

, Philip Johnson’

, Charles Whitfield' (", Federico Renda’{,

CREATE Lab, Institute of Mechanical Engineering, EPFL, Lausanne, Switzerland
Center for Artificial Intelligence and Robotics (CAIR), New York University Abu Dhabi, Abu Dhabi, United Arab Emirates
Lincoln Institute for Agri-Food Tech, University of Lincoln, Lincoln, United Kingdom

Department of Mechanical Engineering, Khalifa University, Abu Dhabi, United Arab Emirates

1
2
3
4 NIAB, East Malling, Kent, United Kingdom
5
*

Author to whom any correspondence should be addressed.

E-mail: josie.hughes@epfl.ch

Keywords: soft robotics, agriculture, modeling, actuation, control

Abstract

Agricultural tasks and environments range from harsh field conditions with semi-structured
produce or animals, through to post-processing tasks in food-processing environments. From farm
to fork, the development and application of soft robotics offers a plethora of potential uses. Robust
yet compliant interactions between farm produce and machines will enable new capabilities and
optimize existing processes. There is also an opportunity to explore how modeling tools used in
soft robotics can be applied to improve our representation and understanding of the soft and
compliant structures common in agriculture. In this review, we seek to highlight the potential for
soft robotics technologies within the food system, and also the unique challenges that must be
addressed when developing soft robotics systems for this problem domain. We conclude with an
outlook on potential directions for meaningful and sustainable impact, and also how our outlook
on both soft robotics and agriculture must evolve in order to achieve the required paradigm shift.

1. Introduction

Agriculture and farming are complex and multi-
faceted industries, which have many different activ-
ities focused on generating nutritious food in an
efficient manner. The agri-food industry has a sig-
nificant impact on the global economy [1], public
health [2, 3] and the environment [4, 5]. However,
it also contributes significantly to global greenhouse
gas production, reduces biodiversity, and more. There
is a critical need for agriculture to become more
efficient and sustainable from economic, environ-
mental and social perspectives [6, 7], whilst also
providing enough nutritious food for the growing
population.

Historically, agriculture has been an industry
that can respond to change through technological
innovation. This includes mechanization post World
War I, the green revolution which led to the adop-
tion of chemical pesticides, fertilizers and high-
yielding varieties, and, most recently, digitaliza-
tion [8]. Digitization encompasses the adoption of

© 2024 The Author(s). Published by IOP Publishing Ltd

robotics and automation technologies, large-scale
data capture, intelligent planning and modeling.
Here, robotics is already showing significant impact
through data-capture, harvesting and more, yet tech-
nologies deployed to the field most often reflect tra-
ditional, rigid robotic systems [9]. Soft robotics, an
increasingly mature research field [10, 11], has the
potential to provide new methodologies and tech-
nologies for agricultural robotics whilst also provid-
ing means of modeling and understanding compon-
ents in agriculture that show many similarities to soft
robotic systems.

The use of soft robotics has the potential to
contribute to agriculture in two ways, as illustrated
in figure 1. The first contribution is through the
application of soft robotic technologies. Here, soft
robotic technologies include sensors, actuators, and
compliant structures which enable the development
of robots that exploit the inherent softness in their
bodies for increasingly complex interactions with
the environment [12]. These technologies, combined
with advancements in soft robotics modeling and
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Figure 2. A time line of agricultural robotics and the potential role of soft robotics (rightmost picture from [13]) Mark Stebnicki /
Pexels.com. Quang Nguyen Vinh / Pexels.com. Reproduced from [13]. CC BY 4.0.
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optimization methods, can lead to more capable
robots that can aid productivity, remove the need for
humans to perform labor-intensive tasks, and con-
tribute to making agriculture more sustainable. The
second contribution is through the use of soft model-
ing techniques to analyze existing data of agricultural
systems. Due to the inherent similarities between
soft robots and agricultural systems, many modeling
techniques developed for soft robots can be directly
applied to analyze agriculture. For example, the shape
of a continuum robot arm and the stem of a plant can
have a close resemblance, allowing for modeling tech-
niques to bridge the gap efficiently.

This dual relationship means we can think of soft
robots and agricultural systems as coupled research
areas, with many of the challenges we see in model-
ing and representation of soft robotics systems also
applying to agriculture. Furthermore, as soft robotic
technologies and their role in agriculture mature,
this dual contribution can improve one another: soft

robotic technologies can assist in better data capture
and the captured data to further improve soft robotics
technologies. Considering the timeline of agricultural
mechanization and technological advances (figure 2),
and the impact these have had on agriculture, we pro-
pose that soft robotics can have a significant role in
increasing productivity and minimizing the environ-
mental impact of agriculture in the coming years.

In this review, we detail the current and future
role of soft robotics technologies and modeling
in agriculture. We first present state-of-the-art soft
robotic technologies and modeling methods and the
role they play in arable agriculture and horticulture
from sowing through to post-harvest (specifically in
the context of arable farming, section 2). To struc-
ture this review we consider each stage of the farm-to-
fork pipeline and detail the requirements and needs
for each specific step. We then follow with technolo-
gies or modeling methods that could contribute to
achieving such requirements and finally, we report
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soft robotics solutions that are currently in use or that
are directed toward the specific stage. Although there
is a scarcity of ongoing work in the area of soft robot-
ics for livestock management and fisheries, it is briefly
reported in section 4 as a future application area. The
review concludes with a discussion on the future of
soft robotics in agriculture, considering new techno-
logy advances required and the impact they could
make. We widen the discussion to the wider landscape
of soft robotics in agriculture, presenting key steps for
developing methodologies for field research and the
wider ethical, social, and political context.

2. Soft robotics technologies for arable
agriculture

Soft robotics technologies show compliance, sensing
and actuation capabilities that can enable many of the
complex interactions required for agriculture applic-
ations. Agriculture has many different tasks that range
in size, form, and objective. However, there are some
commonalities: the unstructured and variable nature
of the environment, the potential for compliant or
delicate objects, and the complex coupling between
the task and the environment [14, 15]. These task
characteristics make the capabilities of soft robotic
technologies particularly relevant. In the following
section, we break down agricultural processes from
seed to fork (figure 3), and review key requirements,
existing capabilities of soft robotic technologies, and
future potential. We primarily focus on the role of soft
robotics through to the post-harvesting stage. Whilst
existing work has identified the opportunities for soft
robotics beyond this in food manufacturing and stor-
age [16, 17], the environment is often more static
and the coupling between soft robotics and the task
is lower.

2.1. Soil preparation, seeding & cultivation
Requirements: key to successful crop growth is soil
preparation. Typically this involves plowing to loosen
the soil and to enable improved aeration and penetra-
tion for plant root systems. Leveling and the applica-
tion of manure are possible additional steps to cre-
ate soil that has the best possible nutrients, condi-
tions, and soil mechanics. Following this, seeds, or,
plant plugs must be added to the soil. The soil pre-
paration can have a significant impact on the suc-
cess of crop efficiency [18]. Many of these tasks (e.g.
plowing, seeding, planting) are currently performed
by large tractors or equipment, this can have negative
side effects such as soil compression [19].

Potential applications: soft robotic actuator tech-
nologies can be used in various morphologies to cre-
ate soft robots that can locomote [20] (figure 4).
These robots have advantageous properties for agri-
culture including being lightweight, efficient, and also
miniature [21]. Some untethered soft robots have
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shown the capabilities to exploit their morphology
to overcome obstacles [22] which could allow them
to explore uncertain agricultural terrains. In addi-
tion, there are a number of bio-inspired or biomi-
metic robots inspired by earthworms, which could
be deployed in field environments to assist with soil
preparation, breaking down, and aerating the soil.
This includes soft robots that exploit anisotropic
forces for digging in soil [23] and soft robots with
a 3D-printed artificial hydrostatic skeleton that can
locomote within soil [24]. The development of bio-
degradable materials or soft robot structures [25],
could be used to assist with soil improvements. By
creating swarms of soft robots that can explore and
sense soil conditions, they could release nutrients
at targeted locations in the environment through
degradation.

Current solutions: in many of these cases the soft
robotic technologies remain in the lab testing phase
although their development may be motivated by
potential agricultural applications. Further work is
required to adapt and optimize the technologies for
sustained agricultural deployment.

2.2. Weeding, crop care & monitoring
Requirements: throughout the life span of crops, there
are many physical interactions that are required for
healthy growth and progression, and also for mon-
itoring and assessment. Such tasks include weeding,
side shoot removal, pest removal, leaf removal, pol-
lination, and in-field monitoring. These are highly
manual and often unpleasant for human workers.
Although a number of these tasks can be simplified
through the use of pesticides or herbicides, these are
a ‘blunt instrument, are costly, and can lead to signi-
ficant ecological damage. By developing robots that
could contribute to these tasks, they could assist in
improving the yield of plants and could also reduce
the reliance on pesticides.

Potential applications: soft robotic systems can
show a similar impedance and compliance to plants,
which can allow soft structures to interact with plants
without damage. Whilst there are many soft robotic
systems which are inspired by plants to enable the
growth of robotic systems [26, 27], there is also a
number that also utilizes bio-inspiration to create
structures that can support plant structures. This
includes structures that show vine-like curving and
wrapping around plants to provide physical support.
In addition, continuum robots can offer the ability
to perform plant care, for example in agroforestry
scenarios [28].

Current solutions: looking forward, the ability
to generate soft robots that have symbiotic inter-
actions with plants could aid and improve plant
growth [29]. Flying robots mounted with soft struc-
tures have been proposed to assist with the pol-
lination of flowers [30]. Non-destructive quality
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Figure 4. Examples of soft robotic technologies which have applications for Agricultural Research. (1) Un-tethered robots for
locomotion. From [22]. Reprinted with permission from AAAS. (2) Physical simulators for raspberry harvesting. Reproduced
from [13]. CC BY 4.0. (3) Soft gripper for handling fruit of animals. Reproduced from [54]. CC BY 4.0. (4) Plant-inspired robots.
Reproduced from [55]. CC BY 4.0. (5) Pneumatic hand for food manipulation. Reproduced from [56]. CC BY 4.0. (6) Removal of
ice-berg lettuce leaves. © [2018] IEEE. Reprinted, with permission, from [50]. (7) Soft suction tip for onion handling.

monitoring through gripping and tactile sensors for
ripeness assessment has also been reported in the
literature [31, 32]. Another method equips robotic
grippers with electrodes to measure intrinsic qual-
ities of fruits such as acidity, sugar content, and
even weight through electric impedance tomography
(EIT) technologies [33]. Notable examples of crop
care and post-processing robots are given in figure 4.

2.3. Harvesting

Requirements: although a significant number of crops
are harvested using automated machinery, crops that
are delicate, have complex structures, or grow in hard-
to-reach structures currently escape automation. This
includes crops such as delicate salads, ground-based
structures such as broccoli, and delicate fruit and
vegetables including soft fruits, stone fruits, and some
tree fruits. Currently, many of these crops require
workers to manually harvest them. Although humans

are extremely adept at these tasks and offer high cycle
times as well as the ability to detect and determine
when crops are ripe, there are challenges in the sus-
tainability of this approach [34].

Potential applications: harvesting is a well-
reviewed area of soft robotics in agriculture [35-37],
and although it is the most common arable farm-
ing task to feature in soft robotics research, prom-
inent reviews, such as [35], have determined that
there is a lack of soft actuators designed for picking
fruit and vegetables within soft robotics literature.
Advances in soft robotic actuators that show robust-
ness have particular interest. Tactile sensors that show
similar robustness through approaches such as self-
healing [38] or damage detection [39] could also
assist in improving the deployability of soft robotic
systems.

Current solutions: grippers designed for the food
handling/packaging industry, such as [40] and [41],
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show potential in the delicate grasping of fruits and
vegetables. However, the precise motion and forces
required for harvest in unstructured environments
require a greater level of complexity. Recently some
progress has been made beyond publications that
only highlight agriculture as a potential use-case for
soft end-effector designs, towards highly specialized
soft grippers made for harvesting a specific fruit or
vegetables, such as plums [42], tomatoes [43] and
apples [44].

In addition to end-effectors developed for spe-
cific crops, some consideration has also been given
to multi-purpose soft grippers such as [45] and [46],
the latter being re-sizable depending on the targeted
fruit or vegetable. In the context of raspberry har-
vesting, there has also been work on developing soft
robotic simulators to train robots for harvesting [47],
to enable rapid deployment to the field for such del-
icate crops [13]. Three diverse examples of harvest-
ing solutions spanning from raspberries to peppers
are summarized in figure 4.

2.4. Post-harvest tasks

Requirements: after harvest, there are typically a num-
ber of tasks that must be performed to prepare the
produce for storage or the next stage of the food chain.
Tasks include trimming or leaf removal, classifica-
tion of produce into different classes or groups, and
also separating or combining produce for packaging.
Typically, these tasks require highly dexterous manip-
ulation (e.g. for leaf removal or trimming), and reli-
ance on both visual and tactile information.

Potential applications: post-harvest tasks are typ-
ically manual and rely on human workers. Robotic
manipulation technologies could assist in this
area, however, the dexterity required is very high.
Developments of bio-inspired hands which can show
robust in-hand manipulation [48], and manipulat-
ors that combine different modalities of actuation
could assist [49]. However, the environment, variab-
ility in the task and the complexity of the tasks means
that many such tasks remain out of reach of current
technologies.

Current solutions: post-processing presents a chal-
lenge for soft actuation as compliance is needed for
soft and delicate interactions but sufficient force is
also required to achieve other actions. Examples of
soft robots that have been used in this area include soft
suction robots for the post-harvest removal of lettuce
leaves [50], for handling delicate produce [40, 41] as
well as re-configurable soft grippers [51] and robots
with integrated soft suction cups for the handling of
onions and artichokes [52] (figure 4).

2.5. Food handling

Requirements: many tasks require dexterous manipu-
lation to allow for handling of soft or variable form
food items. There is also a food security challenge,
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where the robot systems must be cleanable or anti-
bacterial to allow for safe handling of food items.

Potential applications: handling of delicate pro-
duce is a well-developed application of soft robotics
in the food industry with commercial solutions, such
as the pneumatic mGrip™ [53] used in food pro-
cessing lines. For food handling, somewhat driven by
the COVID-19 period, there has been considerable
work in soft robotic manipulators that can be used
for food handling, for plating, or packaging in fact-
ory environments, however, on-farm handling tasks
remain with less structured environments.

Current solutions: many of these tasks could lever-
age wider developments in soft manipulation and
sensing, however, there are some additional require-
ments in terms of speed, repeatability and robustness
to variability in environment that are required for
these post-harvest tasks. Many of these interactions
are driven by consumer requirements (e.g. trimming,
or leaf removal), opposed to being truly required.
As consumers become more aware of sustainability
issues, some of the demand for these tasks may also
be reduced.

2.6. Remaining challenges

From this section of the review, a number of observa-
tions can be made about the state of soft robotics tech-
nologies in agriculture. Firstly, for most processes soft
robotic technologies provide future-looking applica-
tions opposed to immediately deployable solutions.
Harvesting is the one area where there are a num-
ber of current solutions. However, despite these
advances, in many cases, these remain as case stud-
ies or research applications as opposed to showing
long-term deployment and large-scale field tests. To
enable the successful deployment of Soft Robots in
agricultural environments we can identify a number
of remaining challenges that must be addressed:

e Scaleable fabrication for soft robots. To enable
wide spread adoption far more scaleable fabric-
ation is required which moves away from mold-
ing and casting yet still has the required material
properties.

e Robust and ‘life-long’ soft sensors. For interac-
tions with agricultural environments soft sensors
are required, however, these must last the life-span
of the soft robot.

e Sustainable materials and biodegradability. The
materials from which soft robots are made must be
reuse-able or recyclable, or offer biodegradability
such that the environmental load is reduced.

e Variable stiffness mechanisms. Many tasks require
online changeable stiffness mechanisms such that
compliance and high force can be achieved.

e On board-energy storage. For the long term,
robust operations having robots that can source or
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find energy from the environment would be a key
enabling technology.

e Co-design with users. Many solutions can reveal
hidden possibilities or drawbacks by including
users’ experience, while new solutions can be con-
ceived.

e On board-energy storage. For robust and reliable
conclusions, soft robots have to be tested extens-
ively in the field, after initial laboratory validation.

3. Soft robotic modeling for agriculture

Soft robotic tools for modeling, design, optimization,
and control of robotics systems can be readily applied
to robotic technologies within agronomy. In particu-
lar, a great number of approaches have been presented
for the modeling of soft grippers [57], and their gen-
erality allows for use in applications agriculture and
food production applications [35]. However, from
a research point of view, the modeling of the agri-
cultural system components themselves, rather than
the robots, appears as a more promising and inter-
esting perspective. Soft robotics literature is brim-
ming with bio-inspired and bio-mimicking solutions,
including the replication of plants. Accordingly, the
tools that have been originally presented to describe
such robots’ behaviors appear naturally suitable for
the modeling of the biological systems that inspired
them. These tools should be extended to efficiently
consider some aspects that are often neglected or not
critical when modeling soft robots but that are fun-
damental to understanding biological systems.

Following the ‘farm to the fork’ path, we can
identify different scales of useful modeling tech-
niques, which are discussed in the following sections.
Soft robotics modeling approaches can be applied for
the description of the kinematics, statics, and dynam-
ics of deformable structures encountered in agricul-
ture, especially in botanical systems (roots, trunks,
branches), to predict their growth, interaction, and
their reaction to general external stimuli. At the same
time, the approaches can provide insight into the sys-
tems’ phenotype, or they can be employed for control,
to support the decision-making process, and, finally,
for the optimization of the employed robots. To con-
clude, we can identify two main motivations for the
application of soft robotics approaches in agriculture:
modeling for scientific purposes (how and why the
process happens and what are the functional rela-
tions between the variables) and for decision or policy
support.

3.1. Modeling soft structures for agriculture

Representing the state and configuration of anim-
als and plants is a complex task. This requires not
only modeling of the kinematics or morphology but
also modeling at the biological or chemical level.
Soft robotics and the expertise of the soft robotics
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community is best suited to modeling or capturing
the morphological and structural properties of agri-
cultural systems, thus we have tools for capturing
and representing this aspect of biological systems.
In the field of soft robotics modeling, much inspir-
ation comes from continuum mechanics and com-
puter graphics. Reviewing the literature from these
disciplines, we can identify the most critical proper-
ties to measure or capture and that should be con-
sidered for the modeling of soft agricultural forms.
Figure 5 summarizes some of the modeling tools that
are mentioned in the following. These are capable of
capturing the compliance of the plant, and environ-
mental and robot interactions in the study of plant
statics and dynamics.

3.1.1. Plant’s growth, roots, and soil interaction

The robotics community has seen a number of soft
robots inspired by plant growth [26], soil penetration
[58] and the behavior of plants. Plant growth mod-
eling is a key and growing topic within agriculture
and environmental sciences disciplines, and can be
approached in an interdisciplinary way, leveraging
domains from mathematics to biology and computer
graphics. In general, the study of plant growth allows
the prediction of yield and quality of the products but
also helps the design of plant systems [59]. Currently,
the vast majority of the modeling tools for plant
growth are data-driven, i.e. they rely on fitting some
functions on large sets of empirical data. Clearly, these
approaches are extremely specific, as they are calib-
rated on a particular species, and they also require
an extensive and time-consuming data collection pro-
cess. While the modeling of the response, or trop-
ism, of plants of environmental factors (light, temper-
ature, humidity) appears challenging, soft robotics
tools can offer insight into the description of the geo-
metrical development over time at the whole-plant
level. Plant growth can be seen as the combination
of two main components: a growth direction and a
growth rate. This has similarities to some soft robot-
ics modeling approaches, where the deformed back-
bone of the soft body is represented as a curve growing
along a direction field from the base to its tip, with
a specific magnitude rate [60]. Another class of soft
robotic systems that are characterized by a variable
domain is made by concentric tube robots (CTRs).
Recently, the growing and shrinking of the variable
domain were included in the equations of motion of
CTRin [61] and, more in general, for soft sliding rods
in [62].

One other important aspect is the modeling of
root systems geometry, which reflects the capacity of
the plant to take up water and nutrients and, hence,
its growth. Once again, while the effect of environ-
mental aspects such as humidity and temperature
are not considered in standard soft robotics models,
such tools can offer an insight into the geometry of
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Figure 5. Examples of the application of traditional soft robotics modeling techniques for the study of plant statics and dynamics:
(a) Lumped mass models; (b) piecewise constant curvature models; (c) Cosserat rod approaches (d) finite element methods.

the system, considering, in particular, their growth
within cluttered environments [63].

3.1.2. Kinematics, statics, and dynamics

The modeling of the kinematics [64, 65], statics, and
dynamic [66, 67] of botanical systems is crucial to
understanding their evolution and behavior under
specific loads such as wind or fruit weight. Trunks,
branches, and roots are all deformable and slender
bodies characterized by one direction (the length)
prevalent with respect to the other two (the cross-
section), and, from a mechanical perspective, they
can be described as beams. This is also the assump-
tion that lays at the base of the vast majority of soft
robotics modeling tools [68], such as those based on
Cosserat rod theory, where the soft body is repres-
ented by a curve (the backbone) and a continuous
stack of local reference frames (directors) [62,69-71].
The main benefit of these approaches is that, while
being based on a 1D representation of the deform-
able body, they can efficiently model torsion, stretch-
ing, and shears, which appear as fundamental com-
ponents for modeling botanical systems. Within this
scenario, other popular approaches, such as the piece-
wise constant curvature (PCC) [72—75], where the
soft body is represented as a finite set of arcs, or dis-
crete methods, such as lumped-mass models [76],
do not appear as the best solution for this applic-
ation field’s requirements. It should also be noted
that, while on one side, the model should be accur-
ate, the computational costs should be reduced, espe-
cially for online processes, and the proper comprom-
ise between realism and efficiency should be pur-
sued. For this reason, finite element methods (FEM)
[77, 78], while being extremely accurate and capable
of efficiently modeling a vast number of problems
(including contact, friction, adhesion, and impact),
might be redundant for such applications as there are

simpler, less computationally intensive, ad-hoc tools
available.

While the action of fluids is extensively considered
in soft robotics (for example in underwater applica-
tions), other forms of external forces are often neg-
lected. Self-contact, adhesion, and friction are all fun-
damental aspects to accurately model the interactions
between the biological components and the environ-
ment. Currently, the theoretical models that account
for these aspects are quite rare, and they are mostly
part of the FEM family; thus, some efforts should be
taken in this direction.

Moving to internal constraints and forces, it is
possible to notice an interesting analogy between
natural botanical structures and internally actuated
soft robots. Plants are composed of fibers, which, in
a strictly botanical definition, are elongated, thick-
walled cells providing mechanical support and form
to the plant. The mechanical properties of the fibers
(density, Young’s and shear moduli, tensile strength)
and their positioning dictate some of the most
important plant characteristics, such as their stiffness.
In soft robots, this role is often taken by the internal
actuation mechanism, such as tendons. Similarly
to fibers, the tendon properties and routing inside
the soft body result in different deformed shapes.
While the modeling of other actuation forms is still
tackled on a case-by-case basis, a great number of
general solutions have been presented for thread-
like design, since these are currently the most estab-
lished ones. Within the Cosserat rods framework,
the tendons are usually represented as friction-less
force transmitters, which are added among external
force densities ([79, 80]) or as internal stresses, which
are added to the elastic restorative ones ([62, 81]).
While FEM software allow the design of new and
complex actuation principles, some ad-hoc FEM
approaches for tendon-driven soft robots present
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a constrained-based approach [82]. When the ten-
don path is parallel to the mid-line, a cylindrical
manipulator deforms into an arc, and the piece-
wise constant curvature approach becomes particu-
larly suitable (in the absence of external forces). In
particular, it is possible to define a transformation
between the lengths of three parallel actuating ten-
dons and the standard arc parameters employed to
represent each CC segment [75]. Finally, it should
be noted that the fiber structure of plants inspired
the design of the so-called fiber-reinforced soft
actuators, which are a popular trend in the field
of soft robotics [83]. These actuators have a soft
body wrapped or embedded inside an inextensible
reinforcement, which, depending on the arrange-
ment, provides nontrivial deformation shapes. This
results in soft composite multi-materials, whose
modeling has been mostly explored through FEM
simulations [84].

3.1.3. Instability

Instability is traditionally associated with failure and,
in general, as a phenomenon that should be avoided.
As previously mentioned, plants are slender struc-
tures and, as such, the critical load associated with the
onset of instability phenomena can be low. When the
applied loads, such as the weight of the carried fruit,
exceed this critical point, buckling and snap instabil-
ities can occur, with sudden energy release and, even-
tually, failure of the structure [66].

In recent years, a shifting point of view has
been presented through different disciplines, includ-
ing robotics, from a buckliphobia to a buckliphilia
[85]. The fast energy release and the sudden change
in the configuration that follow buckling and snap-
through/back instabilities can be exploited to obtain
peculiar behaviors that would otherwise require a
form of muscular actuation [86]. This shift falls
within the embodied intelligence trend, i.e. the
exploitation of intrinsic properties of the material or
the structure to replace other forms of actuation or
sensing [15]. While embodied intelligence is a recent
trend in soft robotics, there are frequent examples of
plants whose movement happens without requiring
any muscles [87] and which inspired a wide spec-
trum of engineered materials and structures, from
programmable flexible metamaterials [88], to bioin-
spired robots for biomedical applications and soft
robotics. Mechanical metamaterials are engineered
structures consisting of periodically arranged build-
ing blocks, with mechanical properties governed by
their geometry rather than composition [89]. In par-
ticular, a great number of mechanical metamaterials
are inspired by the origami and kirigami principles,
which are often encountered in nature and which
inspired a great number of reconfigurable and fold-
ing soft robots [90-92].
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3.1.4. Modeling for phenotyping

Phenotyping represents a crucial step in the initial
selection process of breeds [93], providing a quant-
itative measure of external agronomic traits. Image-
based phenotyping is one of the most employed tech-
niques, allowing the 2D and 3D shape reconstruc-
tion across different spatial scales, from the whole
plant to the specific considered trait. The most recent
and advanced techniques for automated image-based
phenotyping employ data-driven techniques trained
on large sets of data. The classification, detection,
and segmentation of the image components can
be obtained using convolutional neural networks
trained on the images. As previously discussed, the
collection of this data is challenging, as it requires
an intense manual observation. Mechanical model-
ing, on the other hand, can help in predicting the
shape, static, and dynamic behaviors of the agricul-
tural systems in response to natural forces and con-
straints (cluttered environment, wind, water).

3.2. Modeling for control & decision making
In this section, we now discuss how similar soft
robotic modeling techniques can be used for con-
trol and optimization of soft robots employed in
agriculture. In section 2, we highlighted the poten-
tial of soft robotics technologies for manipulation
tasks, locomotion, arable and animal farming. All
these applications require ad-hoc control strategies,
whose foundation can be offered by modeling tools
currently available in soft robotics. In general, the
model-based controller limitations and advantages
are strictly related to the one of the employed mod-
eling framework, such as, on one side, its reliability
in representing the problem and, on the other, its
computational time and cost. The balance between
these two worlds becomes particularly relevant when
requiring online decision-making, which might be
an important task within agricultural systems, for
example to define the readiness of fruit for harvesting.
Model-based control of soft robots is often seen
as a challenging task due to the nonlinearities of
soft systems, and, for this reason, most early soft
robotics control strategies relied upon machine learn-
ing algorithms. More recently, the proliferation of
reduced order and finite-dimensional modeling tools
paved the way for new control strategies whose
ground lies in these approaches and in their math-
ematical structure [94]. Some PCC model-based con-
troller are presented in [95-98]. The PCC methods
indeed offer explicit analytic maps from the actuation
to the task space, which are tailored to kinematic con-
trol. On the other hand, these are valid only when the
CC assumption is preserved. This limitation is valid
for all the control strategies that rely on the assump-
tion that the deformed soft body resembles a spe-
cific shape [99, 100], or which are restricted to planar
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cases [101]. More generic approaches are then relying
on FE methods, such as [102] and [78], while some
data-driven controllers were presented in [103] and
[104]. Finally, control strategies based on the Cosserat
rod model were presented in [105] and in [106]. It
should be noted that when employing an internal
(strain) parametrization, the state of the system can
be observed more directly with strain sensors embed-
ded within the robot, which is particularly important
for real applications. However, obtaining this inform-
ation can be challenging and requires external cam-
eras and localization systems.

3.3. Optimization of systems

Model-based optimization in soft robotics is still a
rather unexplored field, but it is gathering interest.
This increasing popularity is fueled by the possibil-
ity of employing efficient gradient-based optimiza-
tion solvers, thanks to the differentiability of some
modeling approaches. Any optimization process con-
sists of searching a global (or local) minimum of
a cost (objective) function and, accordingly, the
gradient of this function should be calculated or at
least approximated. Among the different available
solvers, the most employed ones are the Jacobian-
based methods, the direct research methods, and
the nature-inspired ones, such as genetic algorithms
[107]. Gradient-based methods represent a canon-
ical choice when dealing with differentiable (cost
and constraints) functions and this led to the devel-
opment of ad-hoc (differentiable) approaches for
optimization purposes [108, 109]. On the other hand,
direct research methods do not employ the derivat-
ive of the functions, but only their values, and they
appear as a promising solution for nonlinear prob-
lems, such as those encountered in soft robotics [110].
A genetic algorithm solver, coupled with a Cosserat
rod model, is employed in [111] to provide a gen-
eral optimization tool for multisection, trunklike soft
arms. One other example of an evolutionary optimiz-
ation algorithm is the one employed in [112], where
FEM are used for the shape optimization of a soft leg,
given a specific usage.

3.4. Remaining challenges
Despite the advances in soft robotics modeling and
control methodologies, there remains a number of
outstanding challenges which currently limit field
deployment. These include:

e Multi-modality simulators and models. This is
necessary to connect the modeling of mechanical
properties to chemical and biological models such
that plant based interactions can be more meaning-
fully assessed.

e Modeling of hybrid soft-rigid robots. Many
robots used in agricultural systems leverage rigid-
soft structures. modeling techniques which can
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predict behaviors or such structures would enable
design optimization and novel controllers for such
these robots.

o Differentiable FEM simulation for contact based
interactions. Rapid, high accuracy simulations
with gradient information will enable large scale
optimization for tasks where there is rich contact.

e Merging with current datasets/data collection
tools. How to exploit the vast amount of available
datasets on crops with soft robotics modeling is a
challenge that could improve adoption.

4. Soft robotics technologies for livestock
and fisheries

Livestock and fisheries pose different challenges and
requirements on soft robotics due to the different
processes, environments, and needs. Although there
are many similarities in the requirements of the tech-
nologies (i.e. the need to compliantly, and intelli-
gently interact with the complex environments), there
are additional challenges with regards to animal inter-
actions. The summary of livestock and fisheries and
the potential application of soft robotic technologies
throughout the tasks is given in figure 6.

4.1. Safer interactions with animals

Animal farming saw very early integration of robotic
technologies with milking robots for cows enabling
improved yields, farm work-flow and the potential
for improved animal welfare [113]. Involving soft and
compliant structures in farming could enable increas-
ingly involved interactions with animals. However,
in comparison to arable farming, the development
of soft robotics technologies for farming is still lim-
ited. This is due to the higher requirements for per-
ception, and modeling when interacting with anim-
als as they are typically not static. Secondly, the use
of robots around animals is an ethically complex
issue. Despite this, going forward there is potential
to increase animal welfare through the use of soft
robotic systems. Manipulation-based interactions are
one future direction of robot-animal interactions, for
example, for sheep shearing, health checks, or more.
To achieve this, manipulators require the necessary
compliance and force. The sensory-motor control
must also be able to show safe interactions, whilst
also reacting to the movement of the animals, and
providing inherently safe interactions. Underwater
robots have shown the ability to interact with sea life,
for sampling and collection of animals. Technologies
including jamming [114] and hydraulic actuation
have been shown [115]. Here, there is potential for
robots to assist with fisheries. Soft wearable and
assistive devices have been shown to be beneficial
for animal welfare and recovery [116]. Soft robot-
ics has also been applied for processing tasks such



10P Publishing

Bioinspir. Biomim. 19 (2024) 021002

Livestock & Fisheries:

= —

.

+— Soft Modelling & Control —

Soft Tactile Sensing

C Armanini et al

¥
Animal Care & .
Monitoring = B
¥
Soft Manipulation .

Figure 6. Summary of the key processes in livestock and fisheries, and the potential role of different soft robotic technologies

along this process.

as meat handling and manipulation, for example for
chicken [117].

4.2. Modeling animals

A great number of soft robots have been inspired by
animals, from fishes to mammals and insects [10, 118,
119] and more, similarly, many soft robotics model-
ing tools have been specifically conceived to design,
optimized and control these robots [120, 121]. The
extension of these tools for modeling of the animals,
rather than the robots, appears a natural and prom-
ising shift that should be considered. As discussed
in this previous section, currently soft robot model-
ing tools largely focus on the kinematics and statics
of an external natural environment. FEM and data-
driven approaches appear as the most suitable for
such complicated 3D problems, but there are also
examples of approaches that also consider muscular
actives [122, 123].

5. A methodology for soft robotics in
agriculture

Agriculture is an intrinsically challenging domain
for robots; harvesting robots have shown limited
performance improvement despite thirty years of
research [124], and a previous survey has reported a
demoralizing commercialization success rate of zero
for fifty robots analyzed [125]. This is a wake-up
call for applied robotics in general, which falls within
the huge gap between scientific efforts and the trans-
fer of technologies into products. Although there are
some natural delays and socio-economical factors
into play, there are lessons to learn from existing
robotic domains that show increased impact and have
shown a far stronger transition from lab to field for
soft robotics technologies.

To summarize the current development, we have
framed many of the referenced works in our paper
in a Cartesian space which seeks to capture reliabil-
ity and also the impact of value added (see figure 7).
Specifically, we consider two critical metrics for field
robots:
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e How often can the robot perform a specific task, with
respect to required repetitions? This speaks to the
reliability and robustness.

e How well the robot perform the specific task, with
respect to alternative solutions? This corresponds to
the value added by the solution.

The ideal agri-soft robot should contribute to the
top-right corner of the picture (figure 7), while the
bottom-left (where most of the current work sits) rep-
resents a contribution of Tier 0 level as per the sci-
entific framework of [126].

This attempt to evaluate research as to its task-
solving contributions does not evaluate the quality
of the research or its potential to contribute to task-
solving (any technology on the graph could evolve
towards the top right corner with time and further
developments). It does however depict the current
state of soft-robotics in the agri-domain, highlight-
ing the low readiness level, with only a few solutions
belonging to the top-right corner of the graph. Given
the clear potential of soft robotics for agricultural
purposes, it seems timely to identify the key method-
ological elements that could drive the impact of soft
robotics in this area. These methodological elements
are now summarized.

Uptake method 1: design and development
robots for field tests, and move from lab demon-
strations to field tests. Lessons can be learned from
underwater and space robotics communities which
have pioneered methods of running and evaluating
field trials, including competitions, shared facilities,
and ‘mock-up test-beds’ There is a need here to create
facilities for testing and to coordinate improved rela-
tionships between academia and farmers to facilitate
trials. To keep the entry bar for field tests as low as
possible and to maximize efficiency, we require the
necessary infrastructure for such trials.

Uptake method 2: move to task-oriented metrics,
rather than precise performance metrics and statist-
ics. There are fundamental questions on the scope and
means of testing (e.g. amount of autonomy, expos-
ure to the environment) to allow for meaningful
comparison between work and to truly understand
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Figure 7. A Cartesian depiction reviewing the current state of pe

rformance of field soft robots by analyzing their performance

relative to the current approach and also the scale of the field tests.

the contributions of task completion. Standards for
describing different levels of field tests (e.g. proof-of-
concept, reliability test, all-weather test) could assist.

Uptake method 3: gain end-user input and
include key players in the research process to ensure
that the task-focused metrics map to real work
deployability. It is also important to ensure that the
problems targeted by roboticists map and address real
problems, and also fit with the other constraints in
this environment.

Uptake method 4: enable recognition (and hence
publishing) of research that pushes forward task-
oriented metrics. Ensure that there are relevant pub-
lishing outlets for this work and that it receives the
merit and recognition that reflects the challenges in
field research. This could include developing new
publishing models for field research, where the con-
tributions of the field studies can be truly highlighted,
shared and acknowledged.

5.1. Identifying impact areas for soft robotic
deployment
As discussed previously, it is important to deploy
soft robotics technologies in the correct application
for meaningful impact. However, impact is multi-
faceted, and can have both positive and negative
attributes. To be able to assess the impact of soft
robotic technologies and approaches have on agricul-
ture, it is important to develop quantifiable metrics.
We divide impact into four areas: social, eco-
nomic, environmental, and knowledge-based. Due to
the multi-faceted nature of agriculture, many metrics
could apply to a number of categories, but we present
some key metrics in these categories.

5.1.1. Social metrics

Metrics which assess the social contribution or impact
of new technologies on individuals and communities.

11

e Changing skill level of jobs. The creation of new
jobs that require a new skill set or area of expertise.
This could be measured as, for example, the change
in the number of seasonal labor required per hec-
tare, the change in the number of robotics engin-
eers employed in agriculture-sector organizations,
or the change in qualification requirements for jobs
in agriculture.

Worker health. The use of technologies that reduce
the risk of injury or long-term conditions. This
could be measured as the reduction in the number
of sick or injury days from workers.

Food security. Improved and sustained access to
food, regardless of the economic or political situ-
ation. This could be measured in terms of the avail-
ability of certain produce, and the cost of key food
items as a percentage of average income or cost
of key items adjusted for inflation (e.g. has cost
of domestic produced strawberries increased/de-
creased).

Improved food quality. The nutrient quality or
contributions of the food and also the wastage,
i.e. does food harvested and packed by soft robot-
ics have lower damage rates resulting in less waste
at retailers and domestically?

5.1.2. Economic impact
Implementation of soft robotics approaches has a dir-
ect and indirect economic impact.

e Cost-savings. The potential for costs savings when
using the new technology compared to current
approaches, i.e. cost-benefit economic studies.

e Economic sustainability. The use of technology to
improve the stability of the economic situation (e.g.
reduce the risk of insufficient workers to harvesting
crops and the resulting economic impact).
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5.1.3. Environment & sustainability impact

The implementation of soft robotics should minimize
the environmental impact, maximizing sustainability
goals, such as those identified by the UN [127].

o Bio-diversity. The change in the number of species
present in a given environment.

e Resource usage. The reduction in resource usage
including water, pesticides, and energy.

e Greenhouse gas creation. The reduction or change
in the greenhouse gases that are created.

5.1.4. Knowledge advancement metrics

e Advances in robotic and engineering sciences.
Driven by agricultural needs new robotic techno-
logies could be developed which could be applied
and exploited outside the domain of agriculture.

e Advances in plant sciences and agricultural sci-
ences. The development and utilization of soft
robotic technologies can further our knowledge
and understanding of plant sciences and agricul-
tural sciences.

In many cases metrics may be conflicting, for example
economic (e.g. costs of the robotic system), vs. envir-
onmental impact. Thus, it is necessary to identify the
trade-offs between these relative impact metrics that
are suitable for the given application. The FAO has
produced the sustainability assessment of food and
agriculture systems (SAFA) framework [128], which
provides some means of selecting the key sustainabil-
ity criteria, balancing these, and choosing the appro-
priate metrics. No set of indicators can be definit-
ive nor fit all contexts, but must be adjusted over
time through implementation and shared learning.
The SAFA tool seeks to facilitate the use of the SAFA
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and their potential for impact on farms and technology

indicators, as well as their further testing and develop-
ment by food and agricultural enterprises. In striving
to measure progress towards sustainable develop-
ment, SAFA seeks to develop capacities.

There are a number of means of measuring
impact. Competitions offer one means of compar-
ing and contrasting different technologies and their
impact [129]. Standardized benchmarking tasks also
offer means of comparison. Widely used in computer
vision, machine learning, and for robotic manipula-
tion tasks, developing an agricultural-based bench-
marking task that is both challenging and viewed to
be impactful could enable progress to be monitored,
and approaches compared.

5.2. Future opportunities for soft robots in
agriculture

Soft robotics can achieve different levels of
impact [126]; it can be particularly challenging to
achieve impact which is beyond the soft robotic tech-
nologies demonstrations. Using the impact metrics
identified we can explore the potential for soft robotic
technologies and modeling to assist in these different
areas. In figure 8 we introduce a grid where we sum-
marize some of these key areas for impact on farms,
the form of impact, and also the potential for impact
and technology readiness. These technology areas are
analyzed in terms of the current technology readi-
ness level (TRL) as previously defined [130] and with
specific reference to agriculture/horticulture [131],
where we group technologies as being at a level of
research, development, or commercialization. The
second metric is the potential impact level, where
level O refers to local 0 making contributions to one
area of the metrics identified in section 5.1, level 1



10P Publishing

Bioinspir. Biomim. 19 (2024) 021002

contributing to two or more areas, and level 2 hav-
ing a wide and systemic impact across all (or most)
metrics.

This includes current approaches and technolo-
gies that are of a high technology readiness and such
are already (or soon) to be deployed. In addition,
we also have early-stage technologies that could sig-
nificantly change the landscape of soft robotics and
agriculture. Starting from the applications where the
technologies are of a higher technology readiness:

e Wearable technologies could be used to support
workers in the fields, providing both physical assist-
ance to reduce injury, and also to improve perform-
ance, for example by providing haptic feedback.
This could have social and economic benefits.

o Soft robotic gripping technologies for harvest-
ing enabled by advances in technologies, including
tactile sensing and self-healing materials. Robust
harvesting technologies could be developed which
have the dexterity to perform complex harvesting
crops of high value crops. This could improve effi-
ciency and reduce waste.

e Advanced phenotyping could be achieved by com-
bining tactile sensing with soft modeling tools
so more can be instood about the plants. This
could include fruit properties (e.g. stiffness, ripe-
ness), but also plant properties, and it could assist
with optimizing growing conditions and plant
varieties).

In addition, there are some technologies from a lower
technology-readiness level.

e Bio-compatible robots could allow for more pre-
cise application of pesticides, and also for data
gathering on a large scale, as swarms of robots
could be deployed, collect data and then degrade,
such that collection would not be required.

o Soft robots for animal welfare. Autonomous soft
robots could roam around animals without dis-
turbing, to allow their conditions to be monitored
and optimized. By combining with modeling, this
could enable early prediction of disease and optim-
ization of conditions.

e Co-design of environment and robot. Utilizing
the abilities to use both soft robotic techniques
to model the environment and robots can we co-
optimize the design of agricultural systems (e.g.
phenotype/genotype/growing structure) in addi-
tion to the soft robotic technologies.

From this analysis, in figure 8 it can be seen that there
are very limited examples of soft robots that are of
a TRL 8-10 and that have been shown to be actively
deployed in agricultural scenarios, out of the con-
text of research project. Although we are seeing some
highly successful applications of robots to agriculture,
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e.g. drones, weeding robots, harvesting or data collec-
tion robots, these are not typically soft.

However, we see two things. Many have ‘soft ele-
ments), even if many cannot be intrinsically described
as soft. This could include soft material or surfaces, or
more extensive ‘softness’. Thus, we must consider the
role of soft robot components and system in ‘hybrid’
rigid-soft systems. This is highly bio-inspired, with
humans and animals also showing and exploiting
their rigid-soft embodiment to achieve a wide range
of tasks capabilities. Secondly, they are often interact-
ing with an agricultural environment which is soft. If
we consider both the environment and the robot to
be part of the ‘system’, we see that we are still exper-
iencing soft interactions, and the associated feedback
from the environment. Thus, there is still softness in
the system and many of the approaches, methodolo-
gies and technologies from soft robotics apply.

5.3. Ethical, safety & regulatory considerations

An additional hurdle facing the deployment of soft
robotics is the need to meet or exceed the ethical,
safety, and regulatory considerations. These are par-
ticularly challenging due to the potential for agricul-
tural environments to be highly hazardous, and also
due to the need for food safety.

5.3.1. Ethics & consumer perception.

The relationship between food and consumers makes
agriculture a charged ethical. Genetically modified
crops exemplify this, with many countries still pro-
hibiting this approach. Food is central to community,
culture, and economies. For soft robotics to be suc-
cessfully integrated into agriculture, ethical consid-
erations must be considered. In addition to the eth-
ical dimension, there is also a challenge in consumer
perception. Consumers have high demands in terms
of produce appearance and requirements, changing
or adjusting consumer behaviors or expectations may
allow for easier application of soft robotic systems,
e.g. non trimmed vegetable or blemished produce. In
addition, there is a need to educate consumers about
the realities of robotic technologies such that they can
make informed decisions regarding the use of robot-
ics in food systems.

5.3.2. Regulation & safety.

Agriculture is tightly regulated. Agricultural equip-
ment must meet key standards both in safety and
also for food security. These requirements must be
taken into account when developing soft robotic sys-
tems. For farming, there is also a need to ensure that
the health and wellbeing of animals is maintained.
This means robotic systems must be inherently safe.
Whilst this is a key advance of soft robots over more
traditional robotic methods, this must be proven or
demonstrated.
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To ease the incorporation of soft robotics into
agriculture, this may require changes or adaptations
to policy to reflect the changing technological land-
scape. This may, for example, include developing reg-
ulation that extends to bio-hybrid robotic systems,
and the deployment of biodegradable robotic sys-
tems. In addition, the policy surrounding autonom-
ous systems may need to adapt or change to allow for
the inherent compliance of soft robotic systems to be
varied.

5.4. Re-envisioning agriculture

An opportunity opened up by soft robotic technolo-
gies is to re-envision the structure and processes of
agriculture. Currently, the structure of fields and the
width of crops are primarily dictated by the standard
widths of farm vehicles used. Crops are also grown
in mono-culture because that allows for mass-scale
harvest. In light of the potential of soft robotic tech-
nologies, it becomes possible to ‘re-design’ farming
environments to discover approaches that may offer
improvements, be it in sustainability or other areas.

Agroforestry, a land use management system in
which trees or shrubs are grown around or among
crops or pastureland, is often challenging for tradi-
tional automation solutions due to the reduced struc-
ture in the environment. Soft locomotion systems
that could be deployed for weeding, planting or other
purposes could aid in making this possible. The devel-
opment of soft actuators and the corresponding sens-
ing and control could harvest a variety of different
crops, enabling poly-culture. This is the practice of
planting several kinds of crop species on the same
piece of land at the same time. Choosing to adopt
polyculture tries to imitate the diversity found in the
natural ecosystems, offering improved environmental
sustainability.

Moving away from the field, vertical farming and
urban farming offer alternative approaches to grow-
ing, providing very space-efficient methods of farm-
ing. Due to the easier environment in which data can
be collected in these environments, modeling tech-
niques could be used to assist in planning planting,
prediction of readiness and early stage disease detec-
tion. This could aid the feasibility and efficiency of
such approaches.

6. Conclusions

Agriculture and farming are facing significant pres-
sures and demands, with a need to increase sustain-
ability whilst also significantly increasing output, the
challenge of which is multiplied by increasingly volat-
ile and uncertain climate conditions. Robotics has
already been adopted by agriculture for precision task
completion, where there can be considerable gains
in efficiency and waste reduction. The compliance of
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soft robotics matches both the compliance in struc-
tures seen in agriculture and also the need for phys-
ical robustness in the physically unstructured land-
scape of agriculture. Thus, adopting soft robotic tech-
nologies can extend the task and application domain
of robotics in agriculture. However, soft robotics is
not the only solution, but a means of complementing
other technologies, including more traditional rigid
robotic systems, drones, and machine learning, all
of which must come together to enable a significant
change in agriculture.

Long term there is an opportunity to rethink
the models of agriculture both structurally and also
process-wise. Soft robotics technologies could sup-
port a move away from mono-culture to a more
unstructured growing environment. In addition, the
potential for robust autonomy could allow for more
urban farms, placing food and agriculture at the heart
of communities, decentralizing farming, and con-
necting growers and consumers.
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