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Some concepts

* Reinforcement Learning

Trial-and-
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Some concepts

* Reinforcement Learning — how it works?
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Some concepts

* Q-Learning algorithm
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Some concepts

* Q-Learning algorithm
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Action Fetching Sitting (2{Falallale
Start 1
Idle 0
Wrong Action o} (0] 0
Correct Action (0 34 0O
End 0 (o) 0

Action Fetching Sitting Running
Start 5 7 10
Idle 2 5 3
Wrong Action 2 6 1
Correct Action 54 34 17
End 3 1 4
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The proposed intelligent system
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The algorithm

Tout,O: Tout,l: Tout,Z: Tout,3r Tout,4
forecast Tout . 060 000 ees ses see see
Tout,ZO: Tout,z 1, Tout,22' Tout,23: Tout,24

* The predictive model is @ valu 0 acton a1 sh it marning
based on the use of the /
prediction of the outside @5_'1’) B S N D N
temperature. This allows s O 02,
calculations in the RL '
algorithm to predict the % & I
best control action to
perform in the
greenhouse thermal a10, 420, 430, G40, G5
control system. Q:[ ]

Action Values Q(a, q)

t =20h |t =21h |t = 22h |t = 23h
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The algorithm

Algorithm 1 ()-learning: Learn function @ : X x A — R
Require:
States X = {1,..., N}
Actions A ={1,..., Na}, A: X = A
Reward function R: X x A - R
Learning rate a € [0, 1], « =1
Discounting factor v € [0, 1]
procedure QLEARNING(X, A, R, T, o, )
Initialize @ : X x A — R arbitrarily
while () is not converged do
Start in state s € X
while s is not terminal do

Calculate 7 according to Q and exploration strategy

a <+ m(s)

r <— R(s,a > Receive the reward
" T(s,a > Receive the new state

)
O, a) - Qs,a) + - (1 + 7 maxw Q' a")

/

S S
return (
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Results

In [2]: for i in range(24):

hora=i*60
q_learning(action_values,exploratory_policy,target_policy,100@,hora)
print{action_values) Action values Q(s,a)
[re Q. 0. Q. 0. ]
( a. 0. Q. 0. )
( a. 0. a. 0. ]
[ Q. 0. 0. 0. ]
[ a. 0. Q. 0. 1]
[l a. 0. Q. 0. ]
[ Q. 0. Q. 0. ]
( a. 0. Q. 0. ]
[ -16.2 -2, -2. =2. ]
[ -16.8 -1.8 -1.8 =2. ]]
[[ -28.6 -4. -4.2 -4. ]
[ -27. -4.2 -4, -4.2]
[ -52.8 -32.2 -15.4 -8.2]
[ -49.6 -33.6 -17.8 -8.2]
[ -35.2 -17. -4.2 -4.2]]
il -33.2 -16.8 -4.2 -4.2]}¢—
=10.2 2.2 =L =Z.2]
[ -18. -2. -2. -2.2]
( a. 0. Q. 0. ]
[ a. 0. 9. 0. 1]
[l Q. 0. Q. 0. ]
( a. 0. a. 0. ]
[ Q. 0. Q. 0. ]
[ Q. 0. Q. 0. ]
[-1000. -1000. -jeed. -1800. ]]]

at 15:00 h
Q1=-342,a; - Tsetpoint = (Tnax—1)
Q2 = —16.8,a; = Tsetpoint = (Tmax—2)
Q3 =—4.2,a3 = Tsetpoint = (Tnax—3)
Q4=-42,a,~ Tsetpoint = (Tmax—4%
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Conclusions

* We propose a novel approach to greenhouse control by leveraging a
single-agent RL centralized controller

* The results show that the RL-based approach can effectively
automate and optimize set-point selection in greenhouse control
systems

* As the agricultural industry seeks more efficient and sustainable
solutions, the insights from this study contribute valuable knowledge
towards the development of intelligent and autonomous greenhouse
control systems

* The RL model forms part of an integral smart farming platform that
monitors and controls greenhouse conditions in a sustainable way,
considering multiple subsystems and controllers
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Future work

* This work is associated with in-progress doctoral research on
developing a technological architecture to guide smart farming
application development and deployment.

* RL algorithms often require a learning period during which the
system may not perform optimally. We porpose to capture a
large number of data on the real behavior of the system without
the use of RL, by using loT devices.

« Future work may focus on scaling up the approach for multi-
agent systems and further exploring the RL algorithm’s
performance in various agricultural settings.
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