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» Wilkins family have farmed in

Tiptree for almost 300 years.

History - Over 150 years of fruit growing.

* Four farms - combined land of
around 750ac.

- Jam making since 1885.

* Proud holders of the Royal Warrant
since 1911.



Wilkin and Sons Limited

Marking the visitby

TM The Queen

on 28 October 2010

(o celebrat® 125 years







Growing
techniques

Old days — raised soll
beds on ground level.
Difficult for picking,
plants are more
exposed to a range of
pests.
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Raised soil bed with mulch and under poly
tunnels




In 2010 we introduced
the Table Tops System
— much more efficient
way of growing.
Significantly reduced
pest and disease
Issues and about 40%
reduction in picking
cost.




In 2010 a new Micro

Irrigation System has
been introduced for a
greater water control
and nutrients
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In 2015, the first NGS
Oscillating system was
introduced on the Farm.

Also, first Structure of its kind
in the country for strawberry
growing.

100% surface growing area is
used.

90% self-sufficient on water, as
we harvest all the water from
the structure.

Fully automated climate control
(temperature and humidity).

Fully automated Dream console

Irrigation and Fertigation
System.




Innovation, Innovation, -
Innovation...

- Strawberries on soil — the traditional way
How everything has of growing — around 5 -10 tonnes/ha
changed with each step . gyrawberry on soil with the raised bed
taken in introducing a system with irrigation — 15 — 25 tonnes/ha

new system/technology. Strawberries on Table Tops with drip
irrigation — 35 — 55 tonnes/ha with the new
modern varieties and improvement in
picking speed by 40%

- Strawberries with the oscillating system
with fully automated irrigation, fertigation
and climate control — 100 — 120 tonnes/ha
and potently more in the future with new

varieties



2019 and beyond

Joint up forces with Essex
University to develop a
solution for our system.
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HUMARNS ARE REMARKABLY GOODY?Y
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WHILE OPERATING
IN UNSTUCTURED SETUPS

AMAZON PICKING CHALLENGE + NATURAL LIVING SPACES
ROBOCUP AT WORK- EU
+ INDUST CELLS, WAREHOUSES

« EXTREME ENVIRONMENTS


http://iros18-mmh.pal-robotics.com/

DEMTEROUS BERRY PICKING COBOTS - WHY/

g Yiarteid

JULY 2018- EPSRC WHITEPAPER

Agricultural Robotics:
The Future of Robotic Agriculture

https://www.ukras.orqg/

WHY NOW

DEMOGRAPHICS
- LABOR AVAILABILITY FOR LOW SKILLED,
PHYSICALLY DEMANDING, LESS REWARDING TASK'S
- AGEING POPULATION
- POLITICAL PRESSURES AFFECTING MIGRATION

ECONOMICS
I/3%  OF THE TOTAL PRODVETION (OSTS
INCREASING DEMAND _FOR PRODUCE
RELIANCE ON TMPORTS- LOCAL BUSINESS

INNOVATION IN GROWING TECHNOLOGY
(TIPTREE)

CIMATE CHANGE, PESTICIDE FREE FARMING

" HEALTH AND HYGIENE

FROM BATCH ORIENTED TO CONTINVOVS
OPERATION


https://www.ukras.org/

_ WHY/
DEMTEROVS BERRY PICKING COBOTS WHY NOW

JULY 2018- EPSRC WHITEPAPER INNOVATION

Agricultural Robotics:
The Future of Robotic Agriculture

By

https://www.ukras.orqg/



https://www.ukras.org/

WHY IS THE PROBLEM DIFFICULT ?
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¥

* INFINITE SOLUTIONS

o MULTIPLE TASK-CONSTRAINTS
(UNDERSPEC|FIED)

« COMPLEX INTEGRATION OF VISION, TO
FORCE, PROPRIOCEPTION

* RUNTIME CONFIGURABILITY/ADAPTIVITY

* SOFT DEFORMABLE, PERISHABLE OBJECTS

* ACTJVE ‘BERRY SEEKING, MOTION
PLANNING, PREDICTION'

* AS ROBUST, FAST, EFFICIENT..



WHY IS THE PROBLEM DIFFICUI.'I'

* INFINITE SOLUTIONS

o MULTIPLE TASK-CONSTRAINTS
(UNDERSPEC|FIED)

« COMPLEX INTEGRATION OF VISION, TQUCH,
FORCE, PROPRIOCEPTION, PLANNING

* RUNTIME CONFIGURABILITY/ADAPTIVITY

* SOFT DEFORMABLE, PERISHABLE OBJECTS

* ACTIVE BERRY SEEKING, MOTION PLANNING,
PREDICTION

o AS ROBUST, FAST, EFFICIENT..

THE BRAIN SOLVES
THIS IN A FRACTION OF
A SECOND ¥







PERCEPTION-ACTION LOOP - THE BACKGROUND
ICUB HUMANOID (53 DOF N THE BoDy)  ASSEMBLY 0AF ELECTRONIC COMPONENTS

il

Pushing.Internali ze How
objects move

WHOLE BODY SYNERGIES  BERRY PICKING / PACKING
UNDER LOADING
CONDITIONS

Construst the tallest possible tower given arandom
set of objects \
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| impedance Contral: An Approach
| to Manipulation: .

Part. |—Theory

Mampu?bﬂaﬁ funa‘ame_ma{! ‘magﬂ the: mampy{atqr 1o be migchanicaldy covpled
.70 Lhe object being manipulated; the manipulator may. &e

e treated as ay isclated
System. This three-pert paper: prr.s“ems an approach to the conm:u’ of i:iynam:r: ins
teraction: between a. manrpuiatar and its;environmeni. In Pary I this approcch is
deva'med by cms:dermg the methanics of interaction between physical systems.
Control of position or force alone is inadequate; control of dyniamic behavior is

. also required. It is shown that as manipuiation s a fundamemaily nonfinear

probilem, the distinction between m_pedance and admittance is essential, and given
the envirormient contains inertial objects, the manipulator must be ah- rmpedame A
generaiization of .a Norton equivelent network is defined for a broad class of

. -nonlinear manipulators wiud: separales the control of marion Jrom the control af =

fmpedam while prmwmg the superposition properties of the Norton network. It
is shown ihat components of the manipulator impedance may be combined by
sumos:t{og gten whenihey are nonlinear.

Available online at www.sciencedirect.com
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EQUILIBRIOM POINT
HYPOTHESIS (BIZZ) ET
AL, FELDMAN ET AL

KINEMATIC NETWORK'S
(SANDRO MUSSA IVALD),
MORASSO ET AL)

PASS|VE MOTION
PARADIGM (MOHAN,
MORASSO, ET AL

SIMULATION THEORY/
IDEOMOTOR THEORY
(JEANNEROD..)

ACTIVE |NFERENCE/FREE
ENERGY PRINCIPLE
(FRISTON ET AL)



MOTOR NEVROSCIENCE TO COGNITIVE ROBOTICS

ACTION GENERATION, IMAGINATION AND UNDERSTANDING SHARE CORTICAL
NETWORKS IN THE BRAIN

FORWARD SIMOLATION
FOR MOTION
PLANNING/

PREDICTION

COOPERATING WITH
SOME ONE ELSE
(ROBOT, HUMANS)

Ptak, R, et al. The dorsal fronto parietal network: a core system for emulated action. Trends in Cogn Sci 2017;21(8).
Getting ahead; Forward models and their place in cognitive architecture, Pickering and Clark, Trends in Cog Sci, 2014
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SR, | STRAWBERRY PICKING ROBOT
TR . (PERCEPTION ACTION LOOP)

CENTRAL FEATURES

OF ‘BODY-TOOLS-
OTHER BCDIES® (ELECTRICAL CIRCUITS)

AT RUNTIME BASED ON THE GOAL
OF DEGREES OF FREEDOM
* MOLTIPLE CONSTRAINTS
*  MOULTIREFERENTIAL
, PREDEFINED COST FUNCTIONS
THROUGH TERMINAL ATTRACTORS
* INTERNAL BODY RAQDEL |S

»  GENERATE ACTION /
ACTIONS



. JONT MOTOR SPACES
POSITION/DISP POSITION GROUNDING

ONE ARM

. +

HAND FORCE JOINT FORCE

BLUE-DISPLACEMENT NODE
PINK- FORCE NODE



HAND
POSITION/VISP POSITION

?

STIFFNESS K
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HAND FORCE

F=K.DX

JOINT

)
ONE ARM o owrmnce
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JOINT FORCE

MOTOR SPACES

GROUNDING

CONNECTIONS
VERTICAL
HORIZONTAL



CONFIGURABLE INTERNAL MODELS - CONNECTIVITY

w\\ :

HAND JOINT
POSITION/DISP POSITION
X x q
. S s X J —
\ WELL POSED 1\
STIFFNESS K A ADWTTANCE
l WELL POSED \
+ JT +
HAND FORCE JOINT FORCE
J- JACOBIAN

HORIZONTAL- GEOMETRIC CAUSALITY
BETWEEN MOTOR SPACES

VERTICAL- ELASTIC CAUSALITY (BETWEEN
FORCE AND POSITION)

MOTOR SPACES
GROUNDING
CONNECTIONS
VERTICAL
HORIZONTAL
WELL POSED



CONFIGURABLE INTERNAL MODELS - CONNECTIVITY

HAND
POSITION/DISP

STIFFNESS K
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JOINT
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HAND FORCE

JOINT FORCE

MOTOR SPACES
GROUNDING
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CONFIGURABLE INTERNAL MODELS - CONNECTIVITY

.\\ ) b

HAND JOINT
GOAL e POSITION/0SP POSITION MOTOR SPACES
ANIMATES p M — @Bt GROUNDING
THE BODY \ WELL POSED 1\ CONNECTIONS
STIFFNESS (K A ADMITTANCE VERTICAL
l WELL POSED \ R
. ¢ i WELL POSED

HAND FORCE JOINT FORCE




CONFIGURABLE INTERNAL MODELS - LEARNING

HAND JOINT

POSITION/MISP POSITION MOTOR SPACES
.% - wes H GROUNDING
WL POSED i CONNECTIONS
K A VERTICAL
e | HORIZONTAL
| : T : WELL POSED
BZE';TT’J; T b ' HAND FORGE JOINT FoRCt LEARNING

“internal model” of the
body (Left Arm-Torso
Right Arm chain)

= WNEURAL NETWORK IS LEARNT (INTERNAL BODY
MODEL)

COMBINATION OF MOTOR BABBLING,
IMITATION AND REUSE OF PAST MOTOR
EXPERIENCE



Seﬁiryﬁm

Babbling to learn
“internal model” of the
body (Left Arm-Torso-

Right Arm chain)

Sensorimotor data Neural ‘
representation

N

AR\
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BHAT, A, MOHAN, V, MORASSO, P, SANDINI, G. (2018) GOAL DIRECTED COOPERATION BETWEEN MOLTIPLE ROBOTS IN A SHARED WORKSPACE: AN INTERNAL
SIMULATION BASED NEURAL FRAMEWORK, COGNITIVE COMPUTATION.



MVULTIPLE CONSTRAINTS, ACCURACY
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Solution as a result
of superposition of
three force fields

Reaching the same target with four
350 ' different tool orientations

% 100 x-axis
y-axi‘szs 150 300

83

Bhat, A., Mohan, V., Morasso, P., Akkaladevi, S., Sandini, G, Eitzinger, C. (2016). Towards a learnt neural body
schema for dexterous coordination of action in humanoid and industrial robots, Autonomous Robots (DOI:
10.1007/s10514-016-9563-3)



PERCEPTION-ACTION LOOP- TRIALS IN LAB

* COLOR BASED RECOGNITION
» ACCESS THE DEPTH MAP

HYPERSPECTRAL IMAGING
MACHINE LEARNING (ADRIAN CLARK, TRACY LAWSON,
* TRANSFORMATION TO ROBOT FRAME DIMITRI OGNIBENE WITH DEPT. OF BIOLOGICAL

 CONNECT TO THE ACTION SYSTEM SCIENCES)-



WHOLE BODY COORDINATION- TWO HANDS + TORSO
Whole upper Bog ccordinati “Mher wise uncdachable

targets

HAND
POSITION/VISP

oo XG . S oys X

WELL POSED

WAIST
POSITION
l WELL POSED e_

+ JT
HAND FORCE JOINT FOR
GOAL X, . .
. s X —_

‘ WELL POSED 1\ WAIST
K A FORCE
l WELL POSED \

+ JT

BRANCHING
CIRCULARITY
WHOLE UPPER BODY

Mohan,V., Bhat,A. (2018). Goal-Directed Reasoning and Cooperation in Robots in Shared Workspaces: an

Internal Simulation Based Neural Framework. Cognitive Computation, 1866-

~NnARrEee bt 119 " o mmssdIns " AN 1T’ N1T0 NI 7


https://doi.org/10.1007/s12559-018-9553-1

Inc.[US] | https,//witter.com/innovateuk
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Innovate UK @ @innovatuk - 131
#A| equipped machines will automate #aqricufture, improving land use & reducing the

cost of #FoodProduction: owly/j4/f30kmyBG #Predictions #Robotics #Vid




INTEGRATION ONGOING AT THE MOMENT - PLAN TO HIT THE FIELD BY MID APRIL

WRIST AND BASE

CAMERAS
SOFT GRIPPER
CUSTOMIZED GRIPPER
WITH COLLECTION
MECHANISM
HYPERSPECTAL
MOBILE
IMAGING CAMERAS SIANUAL
BIO-MIMMETIC
[T« COLLABORATIVE
GPS ROBOT
AUDIO 1/0 - NEURAL CONTROL OF

MOVEMENT
- ACTIVE PERCEPTION

WIFI, BLUETOOTH, 4G



Inc. US] | ttns://twitter.com/innovateuk
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Innovate UK @ @innovatuk - 131
#A| equipped machines will automate #aqricufture, improving land use & reducing the
cost of #FoodProduction: owly/)f30kmyBG #Predictions #Robotics #Vid

BIMARNVAL BERRY PICKING/PACKING

GRIPPING/CVUTTING MECHARNISM
(WITH WILKIN AND SONS)

HYPERSPECTRAL IMAGING,
ENHANCED PERCEPTION

ACTIVE VISION (BERRY SEEKING VS
PICKING)

ENHANCED FEEDBACK LOOP
(VISION)

MOBILE BASE (YIELD PREDICTION)

UNRDERSTAND WHAT MAKES
HUMARNS SO GOOD (WITH ESSEX
PSYCHOLOGY DEPT.).......
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Innovate UK @ @innovatuk - 131
#A| equipped machines will automate #aqricufture, improving land use & reducing the
cost of #FoodProduction: owly/)f30kmyBG #Predictions #Robotics #Vid

BIMARNVAL BERRY PICKING/PACKING

GRIPPING/CVUTTING MECHARNISM
(WITH WILKIN AND SONS)

HYPERSPECTRAL IMAGING,
ENHANCED PERCEPTION

BIOLOGICAL SCIENCES

ACTIVE VISION (BERRY SEEKING VS
PICKING)

ENHANCED FEEDBACK LOOP
(VISION)

MOBILE BASE (YIELD PREDICTION)

PSY¥CHOLOGY DEPT



BIOLOGICAL SCIENCES

PSYCHOLOGY/
NEUROSCIENCE

EXPERTS IN FARM
INNOVATION- TIPTREE AND
END USER DRIVEN

ON A DECEPTIVELY SIMPLE AND EFFORTLESSLY
HOMAN PROBLEM.....

BIMARNVAL BERRY PICKING/PACKING

GRIPPING/CVUTTING MECHARNISM
(WITH WILKIN AND SONS)

HYPERSPECTRAL IMAGING,
ENHANCED PERCEPTION

ACTIVE VISION (BERRY SEEKING VS
PICKING)

ENHANCED FEEDBACK LOOP
(VISION)

MOBILE BASE (YIELD PREDICTION)
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