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Abstract—The modern development of technology 

determines the feasibility of the transition in agriculture from 

manual labor to automatic production. One of the promising 

areas is the automation of growing vegetable crops in 

greenhouse complexes. Necessary factors for intensive plant 

growth and unfavorable for human health, such as high 

temperature and humidity, as well as an atmosphere saturated 

with chemicals, make the task of robotizing agricultural 

operations urgent in this area.  The method for controlling a 

robotic complex for automatic fruit collection in greenhouse 

complexes is proposed. Work in greenhouse complexes is 

characterized as non-deterministic and with partial 

observability of the environment; therefore, the deep recurrent 

neural network DRQN was used as the basis for the method of 

controlling the robotic complex. Deep learning with 

reinforcement was used for optimizing its weights. The 

presented simulation results demonstrate the efficiency of the 

proposed method and the need for its further development. 

Keywords—deep reinforcement learning, recurrent neural 

networks, recurrent Q-networks, automation and robotics, 

decision- making 

I. INTRODUCTION 

Currently, there is a steady increase in the pace of 
automation of industry and production. The reason for this is 
that  the cultivation and collection of vegetable plants in 
greenhouses is no longer possible without the introduction of 
automatic control systems, which should be aimed at 
creating and maintaining optimal conditions for the 
productive functioning of greenhouse complexes. To obtain a 
high yield, it is necessary to provide plants with timely 
watering, a certain amount of sunlight, favorable climatic 
parameters of the environment, fertilizers and nutrients. In 
this case, the optimal technological process should exclude 

the human factor [1]. On the other hand, the efficient and 
timely collection of greenhouse crops using robotic devices 
will reduce the company's costs for the wages of employees 
whose work occurs in adverse conditions for human life and 
health. 

The advantages of using a mobile manipulation robotic 
complex for the automatic collection of tomatoes in 
greenhouse complexes are: 

 increasing production process safety; 

 loweringoperatingcosts; 

 improving the efficiency and quality of the 
production process; 

 reduction in the number of staff; 

 increasing the rate of unmanned intellectual 
production to attract additional investment and 
subsidies. 

Mobile manipulation robotic complexes belong to the 
category of service robots that can be used in the domestic 
sphere, when performing emergency rescue operations and 
research missions. Examples of the use of service robots are 
harvesting in agriculture, delivering food and reception of 
orders at catering establishments, caring for sick and disabled 
people, cleaning rooms, performing emergency and rescue 
operations (to monitor the emergency zone and eliminate the 
consequences of emergency situations), moon exploration 
and Mars, demining, military operations (fire support, 
delivery of supplies and medicines, transportation of the 
wounded, reconnaissance), diagnostics and maintenance of 
pipelines [2–4]. 

In addition to the tasks of low-level control, pattern 
recognition, fruit capture and navigation, an important task 

Advances in Intelligent Systems Research, volume 174

Proceedings of the 8th Scientific Conference on Information Technologies for

Intelligent Decision Making Support (ITIDS 2020)

Copyright © 2020 The Authors. Published by Atlantis Press B.V.
This is an open access article distributed under the CC BY-NC 4.0 license -http://creativecommons.org/licenses/by-nc/4.0/. 340

mailto:vip.petrenko@gmail.com
mailto:fariza.teb@gmail.com
mailto:ant.vl.02@gmail.com
mailto:gurcmikhail@yandex.ru


of controlling a robotic complex for collecting greenhouse 
crops is the task of path planning [5]. The verbal statement of 
the problem of planning the path of the robotic 
complexmovement during the collection of greenhouse crops 
has the following form: it is necessary to find the path of 
movement in the operating environment from the initial 
position to the final one, in case there are no collisions with 
obstacles. However, this task turns out to be very difficult, 
since the robot is an articulated design. Therefore  the 
movement of one of the links has a direct effect on the other 
links [6], and is important because it determines the safety of 
the robot’s movement, ensuring the achievement of the goal 
without collisions with other objects the environment. 

The work [7] provides an overview of the path planning 
methods of autonomous mobile robots. Path planning 
methods for autonomous moving objects can be divided into 
graph-analytical methods based on representations of the 
configuration space, methods based on Voronoi diagrams [8–
9], methods based on graph theory [10] and intelligent 
methods involving the use of fuzzy logic [11 ], heuristics [12] 
and artificial neural networks [13]. In [14], a path planning 
method based on a strategy for updating learning rules was 
proposed. 

The complexity of the application of these methods is due 
to the non-determinism and partial observability of the 
external environment of the robotic complex. Ensuring full 
observability of the greenhouse complex is a complex and 
resource-consuming task. The use of a robotic complex of 
some model of the greenhouse complex is more effective.  
The model of the greenhouse complex should take into 
account the patency map of various sections of the 
greenhouse complex, microclimatic conditions, the function 
of the fruits ripeness over time and microclimatic conditions, 
the current distribution of the fruits, and much more. The 
construction of such a model using analytical methods is 
difficult and expensive. A promising solution to this problem 
is the use of recurrent neural networks that can detect hidden 
models of the external environment. An additional advantage 
of this approach is the possibility of using a single apparatus 
of neural networks to solve other problems facing the robotic 
complex for collecting greenhouse crops. It includes  pattern 
recognition and fruit capture. The use of a single apparatus of 
neural networks allows in the future the construction of a 
monolithic architecture of a control system for a robotic 
complex. 

II. STATEMENT OF THE PROBLEM 

The aim of this work is to increase the level of 
automation of the fruit-picking process in greenhouse 
complexes by developing a control method for a robotic 
complex for picking fruit based on learning reinforced by 
deep recurrent neural networks (RNN). 

Reinforced learning methods are teaching methods of a 
certain model (or agent) by trial and error. This approach to 
training formalizes the methodology of rewards or fines 
imposed on the trained model in order to accordingly 
increase or decrease the probability of specific results in the 
future. The cycle of interaction of the agent with the 
environment is illustrated in Figure 1. 

Agent

Environment

Reward

rt

Action at State st

 

Fig. 1. The cycle of interaction between the agent model and the 

environment 

The main objects of the experiment in reinforcement 
learning are the agent and the environment [15]. The 
environment is usually called the system or world which 
interacts with the agent. At each iteration of training, the 
agent operates with his observation of the parameters of a 
certain state of this world (possibly incomplete) and then 
decides what action to take. The environment also varies 
depending on the actions of the agent. However , it can also 
change independently. In addition, the agent receives some 
response from the environment, called a reward. The reward 
is a numerical value indicating how good or bad the current 
state of the environment is for the agent. The goal of the 
agent is to maximize the final total reward. 

Let us describe the formalized scheme of the teaching 
method. Deep learning with reinforcement of the RNN is 
used to solve problems posed as a partially observable 
Markov decision-making process [16], [17]: 

(𝑆, 𝐴, 𝑅, 𝑇, 𝛺, 𝛰),   (1) 

where: 

 𝑆 – is a set of all states, 𝑠𝑡 ∈ 𝑆 – э is the state of the 
agent at time 𝑡; 

 𝐴  –set of all possible actions, 𝑎𝑡 ∈ 𝐴  – is an agent 
action committed at a point in time 𝑡; 

 𝑅: 𝑆 ×  𝐴 ×  𝑆 →  𝑅 – is a reward function 

 𝑅(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) ; this reward becomes known to the 
agent after reaching the state 𝑠𝑡+ 1; 

 𝑇 ∶  𝑆 ×  𝐴 ×  𝑆 →  [0, 1]  – transition function 
where 𝑇(𝑠, 𝑎, 𝑠′)  – probability of transition to state 
𝑠′from state𝑠after performing an action 𝑎; 

 𝛺  – set of possible observations 𝑜 ∈ 𝛺by the state 
agent 𝑆; 

 𝛰: 𝑆 × 𝛺 → [0, 1]  – probability of obtaining the 
observed state 𝑜, if the environment is in a state𝑠. 

When training with reinforcement, the method makes a 
random choice of actions. According to the rule 𝜋(𝑜, 𝑎)  =
 𝑃(𝑎|𝑜)  – is the probability of a choice by method a in 
observable condition𝑜. The purpos e of the training is to 
determine an action selection strategy 𝜋 ∶ 𝛺 ×  𝐴 →

 [0, 1], which maximizes the total reward. Cost function 

𝑉

(𝑜𝑡)  for the strategy   is defined as the amount of 

discounted rewards that can be obtained starting from the 

observed state 𝑜𝑡 in accordance with the strategy : 
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𝑉(𝑜𝑡) = 𝑅(𝑜𝑡 , 𝑎𝑡) + 𝛾𝑅(𝑜, 𝑎𝑡+1) + 

+𝛾2𝑅(𝑜𝑡+2, 𝑎𝑡+2) +  … = ∑ 𝛾𝑖𝑅(𝑜𝑡+𝑖+1, 𝑎𝑡+𝑖+1)

∞

𝑖=0

, 
(2) 

where 𝑅(𝑜𝑡 , 𝑎𝑡) – the reward received from the transition 

from th eobserved state 𝑜𝑡 into observable state 𝑜𝑡+1, and0 ≤

𝛾 ≤ 1  – the discount factor, providing a decrease in the 
significance of a more distant reward. The optimal cost 
function 𝑉∗(𝑎) is determined by the following formula: 

𝑉∗(𝑎) = max


(𝑉(𝑎)).  (3) 

The optimal cost function 𝑉∗(𝑎)  satisfies Bellman's 
equality: 

𝑉∗(𝑜) = max
𝜋

(𝑅(𝑜, 𝑎)) + 𝛾𝑉∗(𝑜′),           (4) 

where 𝑜’  – the observed state that the agent goes into 
after selecting an action 𝑎 in the observed state 𝑜. Thus, the 

task is to determine the optimal policy 
∗
(𝑜) ∶  𝛺 A, which 

allows to maximize the total agent reward: 

∗(𝑜) = argmax
𝑎

(𝑅(𝑜, 𝑎)) + 𝛾𝑉∗(𝑜′). (5) 

III. METHODS 

A. Limitations 

This article proposes a method for controlling a robotic 
complex that provides autonomous bypass of the greenhouse 
complex in order to collect fruits of a given ripeness. 
However, issues such as the search for tomatoes with the 
help of technical vision, the capture of fruits and further 
manipulation with them are not considered. Methods for 
performing these tasks are proposed in articles [18–23]. 

The greenhouse complex is consideredas a discrete space 
— a field with the size 𝑚 × 𝑛 which each fruit cell contains 
a fruitplant. On the fruit plant there is a certain number of k 
fruits, taken equal to 1 to simplify the environment (in a 
more complex case, the value can be increased, as a result of 
that the robot will need to decide whether to collect all the 
fruits from the plant, or only a part of them that will fit in a 
container for transportation). The limitation in the problem is 

the carrying capacity 𝑤 = 2  of the mobile manipulation 
robotic complex. As a  result of that, after collecting the 
fruits from two cells, the robotic complex is forced to return 
to the starting point for shipping the fruits and recharging if 
necessary. The speed of the work is taken constant. An 
additional limitation is the partially observed external 
environment, that is, a complete map of the greenhouse 
complex is initially absent. Observations  are formed on the 
basis of studies of neighboring cells in the vicinity of the first 
rank. 

Accordingly, to estimate the number of fruits in the cell 
and decide on the collection of fruits or return to the base can 
only be in the neighboring cell from the observed one. 
Environments that provide an agent with an incomplete set 
of data as observations are called partially observable 
Markov decision-making processes. Methods for solving 
such problems are more complicated than in completely 
observable environments, however, this limitation of the 
model most closely matches the real work of the robotic 
complex when harvesting tomatoes in the greenhouse 
complex. An illustration of the partially observed medium is 

shown in Figure 2. A blue cell corresponds to a robotic 
complex, white cells correspond to plants without fruits, 
green cells correspond to plants with fruits, red cells 
correspond to obstacles. The observed part of the external 
environment for the robotic complex is indicated in yellow. 

In the process of moving through the greenhouse 
complex, the robotic complex can detect fruits and determine 
the degree of ripeness. The aim of the robotic complex is to 
collect as many fruits as possible in the shortest possible time. 
Given a fixed speed, this goal corresponds to minimizing the 
path of movement of the robotic complex. The following 
actions are available to the robotic complex - moving along 
the space connected graph, as well as collecting fruits. This 
task has some similarities with the traveling salesman 
problem, however, the main difference in this problem 
statement is the ability to visit the graph vertices again due to 
the limitations listed above. 

B. A deep learning method with RNN reinforcement for 

controlling a robotic complex 

From the point of view of reinforcement learning, the 
robotic complex is a trained agent. As an approximator of the 
function that converts the input data of the agent to the 
output, RNN is used. For RNN learning, the classical Q-
learning method can be used [24]. However, in this case, the 
agent’s observations will have a high dimension, which will 
complicate the convergence of the method and will require 
considerable time for training. For this reason, it was 
proposed to use the approximation function [14], which 
allows the method to be applied to larger problems, even 
when the state space is continuous. An artificial neural 
network [25] was chosen as an approximator, as 
implemented in the DQN method in [26]. The main task of 
the agent is to bypass all the vertices of the field with the 
need to periodically return to the base. That means  that the 
memory buffer can be used to store a sequence of examined 
vertices, and on their basis a decision will be made on 
planning the movement to a new vertex. Thus, this fact 
necessitates the use of the Deep reccurent Q-network 
learning method [17], where an LSTM layer [27] in a neural 
network is added in front of a fully-connected layer (fully-
connected layer). 

Each cell of the observed state of the environment is 
encoded with one color pixel and is fed to the RNN input. 
With each new episode of training, the agent randomly 
appears at the initial vertex marked in gray on the field map 
(Fig. 2). In the process of functioning, the agent has 3 
possible options: moving forward, backward, left and right. 
For each move, the agent receives a conditional penalty 𝑟𝑚, 
reflecting the cost of moving. When an agent reaches a plant 
cell with fruits painted in green, the fruit is automatically 
collected, while the cell in the environment ceases to be 
marked as containing fruits and becomes empty - painted in 
white. The agent receives a reward 𝑟𝑓  for collecting the 
fruit.. Red color indicates obstacle cells. For getting into a 
cage with an obstacle, i.e. a collision, the agent receives a 
fine 𝑟𝑜. When the agent reaches the capacity limit 𝑤its color 
becomes darker (black), which signals the RNN that it is 
necessary to return to the initial peak to receive a reward. 
Upon reaching the initial peak 𝐵 with a full load, the agent 
receives a reward 𝑟𝑔 , and the episode is considered 

completed. An example of the greenhouse complex map is 
shown in Figure 2. The part of the environment observed by 
the agent is marked in yellow. 
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Fig. 2. An example of the environment state  

The architecture of the used RNN is presented in Figure 3. 
RNN is used to evaluate the 𝑄- value, which reflects the 
maximum cumulative remuneration received by the agent in 
the future when the action 𝑎 is performed in the observed 
state 𝑜 . When the RNN is initialized, its elements are 
assigned a random weight value, which determines a random 
value 𝑄 in the initial state. During the training process, the 
RNN weights are optimized in such a way as to ensure a 
change in the output values according to the following 
equation: 

𝑄(𝑜, 𝑎): = 𝑄(𝑜, 𝑎) + 𝛼 (𝑟 + 𝛾 max
𝛼′

𝑄(𝑜′, 𝑎′) − 𝑄(𝑜, 𝑎)), (6) 

where 𝑄(𝑜, 𝑎)  – potential value of action choice 𝑎  in 
partially observable state 𝑜, 𝑟 – remuneration for an action 
𝑎in partially observable state𝑜, 𝛼 – iterative rate of change of 
value 𝑄 in the learning process (learning rate). 

 

Fig. 3. The architecture of the used recurrent neural network 

To ensure a balance in the learning process between an 
agent exploring new observable states and using 
accumulated knowledge in the form of 𝑄-values, the agent 
does not always choose the action with the highest 𝑄-value. 

An indicator 0 ≤ 𝜖 ≤ 1  is introduced into the learning 
process, reflecting the relative importance of obtaining new 
experience and using the accumulated one. At each step, a 

random variable 0 ≤ 𝑘 ≤ 1 is generated. If 𝑘 > 𝜖, the agent 
performs the action 𝑎 with the highest 𝑄-value, otherwise it 
performs a random action 𝑎 . In the learning process, the 
value 𝜖 decreases from a certain initial value to zero, which 
means a complete transition from exploring the space of 
possible states to using the accumulated experience. 

IV. RESULTS 

To test the proposed method, the design, training and 
modeling of the RNN and the greenhouse complex were 
carried out in the Python programming language using the 
SciPy library of scientific calculations and the Tensorflow 
framework. The code was placed in the repository [28]. 
During the simulation, a computer was used with the 
following characteristics: Intel Core i7-8550U 1.8GHz 
processor, 8Gb RAM. The simulation parameters are 
presented in table 1. The parameter values are selected 
experimentally to optimize the learning speed. 

TABLE I.  SIMULATIONOPTIONS 

Parameter Value 

Fieldsize𝑚 × 𝑛 10 × 10 

The number of cells with fruit plants 2-10 

The number of cells with obstacles 5-20 

Numberoftrainingepisodes 20000 

The maximum number of steps in each episode 200 

Initialvalue𝜖 0,99 

Learning rate𝛼 0,3 

Discountfactor𝛾 0,99 

The Agent reward r𝑔 1000 

Agent reward 𝑟𝑓  for fruit collection  250 

Penalty 𝑟𝑜for collision with an obstacle  -300 

Penalty 𝑟𝑚 for each move -10 

In each training episode, from 2 to 10 fruit plants, as well 
as from 5 to 20 obstacles, are randomly placed on the field. 
Also, the positions of the agent and the initial vertex are 
randomly set, which initially coincide, since the robotic 
complex must begin and finish work at this initial vertex. 

Agent training results were obtained using the 
TensorBoard library and are presented in Figures 4-7. On 
these graphs, the abscissa axis indicates the number of 
episodes of model training, and the ordinate axis indicates 
the value of a specific indicator of the training process. 
Figure 4 shows the accuracy of RNN training, which is a 
measure of the accuracy of approximating 𝑄 -values using 
RNN. The established accuracy value between 0.7 and 0.8 
indicates that the structure of the used RNN can be improved. 

Advances in Intelligent Systems Research, volume 174

343



The fundamental solution of this problem for an arbitrary 
greenhouse complex requires the development of a method 
of structural-parametric synthesis of RNN for specific 
characteristics of the greenhouse complex. The results of 
changes in agent remuneration are presented in Figures 5-7. 
So, Figure 5 shows a graph of the change in the maximum 
value of the reward received by the agent. Figure 6 shows a 
graph of the change in the minimum value of the reward 
received by the agent. Figure 7 shows the average agent 
reward per episode. The settled value of the reward for the 
episode means the end of the agent’s training, and the 
positiveness of the established value means the absence of 
collisions with obstacles and the task of collecting fruit. 

 

Fig. 4. RNN training accuracy 

 

Fig. 5. Schedule for changing the maximum agent reward per episode 

 

Fig. 6. Schedule for changing the minimum agent reward per episode 

 

 

Fig. 7. Schedule change of the average agent reward per episode 

Summarizing the obtained results, it can be argued that 
the developed method is suitable for the automatic collection 
of greenhouse crops, however, some adjustments are 
required to integrate the method into the robotic complex. In 
particular, refinement of the used model of the greenhouse 
complex is required. Firstly, in the current model, the 
distribution of obstacles and fruits at the beginning of each 
episode is generated independently. Although  in real 
greenhouse complexes some of the obstacles are static, so 
their position should not change from episode to episode. 
Also, the location of uncollected fruits should not change 
from episode to episode. Secondly, it is necessary to include 
ripeness of fruits in the observed state of the environment. 
According to the current model, only ripe fruits can be 
present in the field cell, i.e., the ripening process is not taken 
into account. In this regard, for the agent, the fruits appear in 
the cells randomly , and the model of the environment 
hidden in the agent cannot predict their appearance. If we 
include in the observed state of the environment the degree 
of ripeness of the fruits in the field cell, on the basis of this, 
we can train the agent to predict the appearance of ripe fruits 
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in new cells and take this predictive value into account to 
maximize reward when choosing the direction of movement. 

In addition, it is necessary to develop a method of 
structural-parametric synthesis to optimize the structure of 
the RNN for the characteristics of specific greenhouse 
complexes. 

V. CONCLUSION 

This paper presents a control method for a robotic 
complex for the automatic collection of greenhouse crops, 
which use will increase the level of automation of the fruit 
collection process in greenhouse complexes. The method is 
based on deep learning supported by recurrent neural 
networks. The simulation results confirmed the efficiency of 
the developed method. Experimental studies of the physical 
model of the robotic complex can be carried out only after 
integration into the control system of the robotic complex of 
lower-level methods that are responsible for finding the fruit 
using technical vision, capturing the fruit and further 
manipulating the object, as well as after finalizing the model 
of the environment used in training. Research on these issues 
will be addressed in future work. 
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