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Abstract

I. Objectives

The goal is to control a UR3 arm robot using Ar-
tificial Intelligence in order to pick disordered
objects from a box and place them in a point
of delivery. This task seems trivial, because
we are used to see machines performing pick
and place actions in industrial processes, but in
fact, these kind of processes are normally just
repeating the same action or the same rule over
and over again. They are able to perform this
tasks because they know apriori where these
objects are or how they are placed, but they are
not capable of generalizing the workflow.

To achieve generalization in this project, Re-
inforcement Learning (RL) together with Image
Recognition techniques have been used. This
algorithms give the robot the ability of calcu-
lating, for each time step, the optimal action to
achieve the final goal of picking all the objects
from the box and placing them in the objective
point. To compute this action the robot needs
to gather information about the environment
such as its relative position over the box or how
the pieces are distributed. This information to-
gether is called state, and the robot computes
each action depending on it.

Besides, a distributed architecture with mul-
tiple nodes has been created. Each of them
takes care of a different activity. For exam-
ple, some nodes are used to control the robot,
others to gather information about the current

state, and others are used to train the Artifi-
cial Intelligence algorithm. This architecture
has been created using ROS (Robot Operative
System) and contributes to the project adding
all the advantages of a microservices oriented
architecture.

II. Motivation

The project motivation is the natural continua-
tion of a previous project performed at ICAM
University. This project was part of the assem-
bly line of a car manufacturing process and
its objective was to pick some specific plas-
tic pieces and place them into the product.
To achieve this, the system used opencv im-
age processing, so it was recognising a specific
shape given apriori.

This project was totally functional and the
robot could perform the task with a high suc-
cessful rate. However, the lack of generaliza-
tion of the system makes it hard to introduce
changes as using it for another part of the as-
sembly line. Each time that this happened
someone would have to introduce the shape
of the pieces to the system and to calibrate the
camera to the new environment.

The motivation of the project is to create
from scratch a new solution for performing the
picking of the pieces. This time, the project will
not be sponsored by any company, so there will
be less resources to use.
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Figure 1: Wooden Pieces used in the project

With this new approach, the idea is to use
all the knowledge of previous documented
projects on Artificial Intelligence in the indus-
try and make a little contribution to the huge
advance of industry 4.0. In fact, the idea is
to make the project completely replicable so
that anyone could use this project as a starting
point for new applications.

III. System Developed

The objects have to be taken from a box (Envi-
ronment Box) and placed in another box (Place
box). The pieces had to be something light
due to the limitations of the UR3 robot that
we commented before. As there wasn’t any
sponsor for the project we could decide the
shape of the pieces, and we decided to use 5
cm size wooden squares as the ones showed in
Figure 1.

In order to make this system work, we need
a really complex architecture that can be split
in three different categories. These categories
are:

– Environment
– sensorimotor devices
– Computational devices

To understand it better, we are going to use
Figure 2 and Figure 3, which are labeled pic-
tures of the architecture, where we are going

Figure 2: Labelled picture of the Architecture I

Figure 3: Labelled picture of the Architecture II

to be able to see how the components of the
architecture are like.

In the pictures we can see multiple elements
tagged with different colours and labels. Each
colour represents a category.

– Environment: We can see this elements in
both images, from different perspective.

– EN1: The Environment box where
the agent has to take the pieces

– EN2: The box where the agent has to
place the pieces

– Sensorimotor devices Ones are showed in
one image, and others in the other.

– SM1: This is the Onboard camera,
used for the agent to decide which
action to take. It is attached to the
gripper, so in the picture they are
shown together.
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– SM2: Together with the camera, we
can see the "Home made" gripper
used to pick the pieces.

– SM3: the upper camera, where the
agent can pick a global picture of the
environment. This picture will be im-
portant, but we will explain it later.

– SM4: the pump of the Gripper.
– SM5: Both 12V and 24V power adap-

tor used to feed the pump and some
sensors.

– Computational devices. In the picture
we cannot see all the computer used in
the project, but there are 2 icons used to
represent them.

– CP1: This is the ROS Master Node.
All of the nodes of the system will be
connected to this node. Besides be-
ing the master node, robot_controller
node and Universal Robots driver
will also bo running in this computer.

– CP2: This computer is a really power-
ful one, with one of the bes graphical
cards in the market an 32 GB of RAM.
It will be used to train the algorithm,
running the ai_manager node.

– CP3: This mini-computer can be
seen in one of the pictures and its
a Raspberry-pi. This computer will
be used as a bridge form the arduino
card of the gripper and the ROS mas-
ter node. The cameras will also be
attached to the Raspberry-pi.

IV. Logical Architecture

Once we have seen the physical architecture of
the project, let’s see how the Software architec-
ture is. The Logical architecture will use all the
elements commented on the previous section,
and they will work together using ROS (Robot
Operative System).

In Figure 4 we can see the logical architec-
ture of the application, which is composed of
6 nodes communicating one with each other.
We can see that the communication topics are
written in the figure and that there are some

Figure 4: Logical Architecture of the project

squares attached one to another, and some of
them are grey. All the white squares are ROS
nodes, while grey ones are separate pieces of
code that the nodes are using, but they are not
ROS nodes by themselves. On the other hand,
both camera nodes that are together in the up-
per right corner are two independent nodes,
but using the same code to send the cameras
images.

– Universal Robots Driver: Drivers to con-
trol the robot remotely.

– Robot Controller: It is the central node of
the system. Here all the actions are im-
plemented and it is dedicated to repeating
over and over again the actions that the AI
Manager indicates.

– Gripper: It is a node implemented in an
Arduino board and that is in continuous
contact with the Robot controls to execute
the actions.

– Upper Camera: Node that constantly pub-
lishes the images captured by the upper
camera on a topic.

– Onboard Camera: Node that constantly
publishes the images captured by the on-
board camera on a topic.

– AI Manager: It is the intelligence of the
system. Here the Reinforcement Learn-
ing algorithm is implemented. The
Robot Controller represents the agent,
who takes an action and asks the AI Man-
ager to calculate the next action to maxi-
mize the reward. The AI Manager collects
the state image from the Onboard Camera
node and calculates the action.
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i. Algorithm

The chosen AI algorithm was AI or Deep Q
Learning (DQL). DQL or Double Deep Q Learn-
ing (DDQN) depending on the implementation,
is the approach of mixing both image recog-
nition and Reinforcement Learning, and uses
Neural Networks in two different stages of the
algorithm. Firstly, a Convolutional Neural Net-
work (CNN) is used to extract image features,
and then, a Deep Neural Network (DNN) is
used to calculate the q value of each indepen-
dent action and select the next one using these
values.

DQL was proposed in 2012, and, since then,
it has been used for a lot of different purposes.
For example, Guillaume Lample and Devendra
Singh Chaplot demonstrated back in 2017 that
a RL agent could play FPS Games using as
inputs just game scores and pixels from the
screen [?]. Another really interesting example
is this robot [?], which is capable of moving
around a house looking for an objective and
avoiding obstacles using DDQL.

A good resource to understand how
Reinforcement Learning really works is
Deeplizard’s tutorial [?]. In this tutorial they
explain different versions of the algorithm and
how to implement them in python to solve
different OpenAI gym environments [?].

Deep Reinforcement Learning is though an
union between RL and image recognition, but
let’s see how it actually works. The main idea
is to replace the Q-table that we saw before
for a Dense Neural Network that uses as in-
put another Neural Network, a Convolutional
Neural Network (CNN). The full algorithm
would have as many outputs as allowed ac-
tions. Therefore, simplifying, these outputs re
equivalent to the q-values saw before and so
we will call them. To see it graphically, when
the agent wanted to take an action, he would
pass the state image through the Neural net-
work represented in Figure 5 and would take
the action with higher q-value.

When I said "simplifying" in the previous
paragraph, I meant "simplifying a lot" in the
next paragraphs I will explain all the interme-

Figure 5: Deep Q Learning Representation with 4 out-
puts

diate steps in the algorithm and why they are
important:

– Episodes and Steps
– Exploration vs Exploitation trade-off
– Replay Memory
– Bellman’s Equation
– Target and Policy Networks

i.1 Episodes and Steps

RL training is divided in Episodes. One
Episode is the sequence of actions needed to
reach a terminal State. Each time the agent
reaches a terminal state, an episode is ended,
and a new one is started.

On the other hand, steps represents every
time that a new action is taken, so the number
of steps taken by the agent during training is
infinite. Later on, we will use as metric of
performance the number of steps per episode,
as they must decrease during the training.

i.2 Exploration vs Exploitation trade-off

In Reinforcement Learning there are two im-
portant concepts that are Explore and Exploit.
To explore is basically gather new informa-
tion about the environment and to exploit is
to make the best decision with the information
that we already have.

In Deep Reinforcement Learning, the agent
exploit the information gathered by using the
pre-trained Neural Network to decide next ac-
tion. On the other hand, the agent explore the
environment by deciding next action randomly.
We use exploration mainly in the beginning
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of the training because we want the agent to
gather as much information of the environment
as possible before starting training.

When the agent uses exploitation, it is also
gathering information about the environment.
However, we could not let the agent explore
this way because during the exploration phase
we want all the actions to be performed with
the same probability and neural network bias
can cause some actions to be performed much
more than others.

So, how do we decide when the agent must
explore or exploit? To decide it we can use
multiple techniques, but the most common one
is the Epsilon-Greedy Strategy. This strategy
basically consist on setting a probability of ex-
ploring and keep decreasing it slowly during
the training. It works this way:

1. We set the initial exploring probability
(ε)

2. We set the per-step epsilon decay,
(ε_decay)

3. For each step:

(a) With probability p = ε, the agent
explores the environment (takes a
random action). If not, it exploit the
information by deciding the action
using the NN.

(b) Whether the agent has explore or
not, we decrease the probability of
exploring the environment in the
next step (ε = ε− ε_decay)

Using this strategy, the agent will rather ex-
plore or exploit the environment during the
training. In the first steps the probability of
a random action (exploring) will be much hi-
hger than in the last steps of the algorithm.
This probability will keep decreasing during
the training, until it reaches the minimum ex-
ploring rate, which is normally set to 10

i.3 Replay Memory

Every time that the agent performs an action,
either by exploring or exploiting, the agent

lives an experience. For the purpose of train-
ing the algorithm, we will store all these expe-
riences.

Experiences are formed by the initial state,
the action taken, the state reached (final state)
and the reward gotten and they are stored in
the Replay Memory. Then, every time that an
action is taken, the algorithm is trained follow-
ing this steps:

1. Replay Memory checks if the number of
experiences is higher than the batch size

2. If there are enough experiences:

(a) Replay Memory supplies a random
set of experiences of size=batch_size.

(b) With this set of experiences, the target
network is trained.

Optimizing Replay Memory can be a chal-
lenge, because, if we are using a Graphic Card
in the training, we would be storing all the
experiences in its memory. But, why do we
need to store all the experiences? We could
also be using the last N experiences to train
the network and it would be a less memory-
consumption demanding solution.

The answer to this question is that Rein-
forcement Learning Networks converge really
slowly and variance between consecutive steps
is really low. Using consecutive experiences
to train the network would result though in a
slower and biased learning. Besides, this way
of working is better for learning real-world
experience, where there are infinite different
states, as the experience gained in previous
steps will be used multiple times later to train
the network.

i.4 Bellman’s Equation

As commented before, Deep Reinforcement
Learning uses Neural Networks to compute the
q-values of each action. The optimal value of
these q-values is represented by the Bellman’s
Equation and is shown below:

q∗(s, a) = E[Rt + γmax(q∗(s′, a′)] (1)
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As we can see in the equation, the optimal
value depends in both the reward of the action
taken and the maximum optimal q-value of
the next action. In real life it is impossible to
compute this value, because we would be an
infinite loop. However, as the most important
parameter of the formula is the expected re-
ward (q∗(s′, a′) is multiplied by the discount
factor γ), we can simply use the next action
q-value and it will be a good approximation.
The formula would stay as follows:

q∗(s, a) = E[Rt + γmax(q(s′, a′)] (2)

With this new formula we will be able to
compute the optimal q-value for each expe-
rience stored in the Replay Memory (initial
state, action, final state and reward). It is im-
portant to have in mind for this process that
the optimal q-value can only be computed if
the action has actually been taken, because we
don’t know the Reward of non taken actions.
But, anyway, why do we need to compute the
optimal q-value?

To answer this question, lets take a look to
the training process of the neural network:

1. the agent decide which action to take us-
ing the policy-network. (action with high-
est q-value)

2. The agent takes the action and receives a
reward from the environment

3. The agent stores all the experience in the
Replay Memory

4. The training process is started:

(a) A random batch of experiences is
taken from the Replay Memory

(b) For all these experiences, its optimal
q-value is calculates using the mod-
ified Bellman’s Equation and target-
network

(c) For all these experiences, the actual
q-value is calculated using the policy-
network

(d) For all these experiences, the loss is
calculated as the difference of both
values

(e) We use the Neural network optimizer
to back-propagate the loss to all the
weights

So, to answer the previous question, we need
to compute the optimal q-values in order to
calculate the loss of the neural network for
each action taken and train, though, the algo-
rithm.

Retaking here the question answered before
about why we needed Replay Memory module,
one important reason is that one action taken
in the initial steps of the training will affect dif-
ferently to the neural network in this moment
than later, when the network is already trained,
and its q-value is though more similar to the
optimal q-value. Replay Memory technique
allow us to use this information gathered in
any step of the training, during a step where
the network is more trained.

i.5 Target and Policy Networks

In the previous step, we talk about two differ-
ent networks: policy and target. The target
network comes to solve a stability problem of
the DRL training. In the next paragraphs I will
explain the problem and how target network
can help to solve it.

Having in mind the way we calculate the loss
of the neural network in the previous section
we can realize that we have to pass information
through the network twice. Just to remember:

loss = Rt +γmax(q(st+1, at+1))− q(st, at) (3)

As a spoiler, I can say that q(st+1 and q(st, at)
will not be calculated with the same network.
But.. why?

Imagine that we have an experience, which is
composed of an initial state, an action that has
been taken, the state reached with this action
and a reward. Remembering previous section,
the loss of the neural network is calculated as
the difference between the q-value of the initial
state and the action taken and the optimal q-
value of the expected cumulative reward (or
target value) of the action.
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Q-values are calculated using the states as in-
put of Neural Networks. Let’s see what could
happen if we calculated both of the values
with the same network. In this case, once we
had the loss calculated, we would use back-
propagation to adapt the weights of the Neural
Network and make the q-value of the initial
state more similar to the target q-value.

The problem here comes because as both q-
values are using the same Neural network to
be calculated, when we change the weights to
move the initial q-value to one direction, the
target q-value is moving in the same direction,
so we have not reduce the distance between the
two values. It is basically like a dog chasing its
tail.

To solve this problem we introduce the
target-network. This network is basically a
frozen clone of the policy network that we only
use to calculate the target value of each ac-
tion. This way, when we gain stability during
the training of the RL Algorithm. The target-
network is updated periodically after a certain
amount of steps, so is always updated.

i.6 DQL Training

During the previous sections I have been ex-
plaining a lot of concepts about Deep Rein-
forcement Learning Training. I have explained
them and how they affect the training. It is a
really complex process so probably a sum-up
will help understanding it.

The training basically uses the following
schema:

– Initialize replay memory capacity.
– Initialize the policy network with random

weights.
– Clone the policy network, and call it the

target network.
– For each episode:

– Initialize the starting state.
– For each time step:

– Select an action via exploration
or exploitation

– Execute selected action and ob-
serve reward and next state.

Figure 6: Reinforcement Learning Training Summary

– Store experience in replay mem-
ory.

– Sample random batch from re-
play memory.

– Preprocess states from batch.
– Pass batch of preprocessed states

to policy network.
– NN training. Weight back-

propagation:

– Calculate loss between out-
put Q-values and target Q-
values.

– Using both the target and the
policy networks to increase
stability.

– Gradient descent updates
weights in the policy network
to minimize loss.

– After X time steps or episodes, weights
in the target network are updated to the
weights in the policy network.

This training can also be explained with Fig-
ure 6, where the Pool is the Replay Memory
that stores the sample (experiences) from real
interaction with the environment and feeds
the training node of random sample of experi-
ences.

Then, we can see that we use the Q-Network
(policy network) to predict actions, but also
to calculate the q-value of Replay Memory’s
batch. Then, we use the target network to pre-
dict action-value of state s1 with the predicted
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action in Q estimation Network, andthis net-
work is updated in a low rate.

Finally, the action taken in the Dynamic
Environment can be predicted by the Neu-
ral Network or Randomly chosen (Stochas-
tic search). This is the way of representing
epsiolon-Greedy Strategy.

ii. Deep Reinforcement Learning Im-
plementation

The system developed is a really big implemen-
tation and there were multiple nodes involved.
However, for the aim of this article, I will only
comment the AI Manager node preented in
previous subsections, as this is the node qere
the artificial intelligence is implemented.

V. ai_manager

ai_manager module is the "intelligence" of the
robot, responsible for making it learn by train-
ing a Deep Reinforcement Learning Algorithm.
Using this algorithm, the robot (agent) will ex-
plore the Environment by performing a set of
actions. Once these actions are performed, the
agent will receive a reward that can be positive,
neutral or negative depending on how far the
agent is from the objective.

Each time the agent perform an action, it
reaches a new state. States can be transitional
or terminal, when the agent meets the objec-
tive or when it gets to a forbidden position.
Each time the agent reaches a terminal state,
an episode is ended, and a new one is started.

The code of the AI Manager can be found in
the appendix of this document, where a link to
the github repository can also be found.

i. Definition of the problem

The objective of the agent is thus the first thing
that has to be defined. In this case is simple:
pick a piece.

Then, the environment, the states and the
actions have to be defined together. These de-
cisions are conditioned by the hardware and
materials available. In our case, as said before,

we have a UR3 robot with six different points
of movements, and a vacuum gripper. That
means that the best way of griping an object is
by facing the gripper to the floor and move it
vertically until it gets in contact with the object,
where the vacuum can be powered on, and we
can know if the object has been griped or not.

Having this in mind, we have decided that
the robot have to be fixed in a specific height
with the gripper facing down. Then, the actions
will be "north", "south", "east" or "west" to move
the robot through the x-y plane formed by
these movements in the selected robot height,
"pick", to perform the gripping process de-
scribed before and place the object in the box,
and "random_state" to move the robot to a new
random state when a terminal state is reached.

ii. Environment.py

The environment is defined in Environment.py
class. There, we can find different parameters
and methods. All of them are explained in the
code, but we will briefly explain them here.
The CARTESIAN_CENTER and the ANGU-
LAR_CENTER represent the same point in the
space, but using different coordinates. This
point should be the x-y center of the picking
box with the robot height defined before as
z point. As starting point, we need to use
the ANGULAR_CENTER because we want the
robot to reach this point with the gripper facing
down.

Then, we have to define the edges of the box
as terminal states, because we just want the
robot to explore inside the box. To define those
limits, we use X_LENGTH and Y_LENGTH
parameters, which are the X and Y lengths of
the box in cm.

Other important parameters to define are
the center of the box where we will place all
the objects (PLACE_CARTESIAN_CENTER) or
the distance that the robot has to move in each
action (ACTION_DISTANCE).

Finally, the methods defined in this class are:

– generate_random_state(strategy=’ncc’),
which is used when the agent reaches a
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terminal state and needs a new random
state.

– get_relative_corner(corner), which returns
the relative coordinates of a corner of the
box

– is_terminal_state(coordinates, ob-
ject_gripped), which returns a boolean
telling whether a given state is terminal or
not using the parameters given.

iii. Rewards

Rewards are one of the most difficult-to-define
parameters. In this case, rewards are deffined
in the EnvManager inner class of RLAlgo-
rithm.py. The specific value of the rewards are
not given here because they are different from
one training to another, but we give (positive
or negative) rewards for:

– Terminal state after picking a piece.
– Terminal state after exceeding the box lim-

its.
– Non terminal state after a pick action
– Other non terminal states

iv. Algorithm

This Deep Q Learning algorithm is imple-
mented in the class RLAlgorithm.py following
this schema:

– Initialize replay memory capacity.
– Initialize the policy network with random

weights.
– Clone the policy network, and call it the

target network.
– For each episode:

– Initialize the starting state.
– For each time step:

– Select an action via exploration
or exploitation

– Execute selected action and ob-
serve reward and next state.

– Store experience in replay mem-
ory.

– Sample random batch from re-
play memory.

– Preprocess states from batch.
– Pass batch of preprocessed states

to policy network.
– NN training. Weight back-

propagation:
– Calculate loss between out-

put Q-values and target Q-
values.

– Using both the target and the
policy networks to increase
stability.

– Gradient descent updates
weights in the policy network
to minimize loss.

– After X time steps or episodes, weights
in the target network are updated to the
weights in the policy network.

This schema is a little bit difficult to under-
stand in the first moment, but it is deeply ex-
plained in the State of The Art section of this
document.

iv.1 RLAlgorithm.py

RLAlgorithm.py is the most important file of
this module because it is the place where the
algorithm implementation is done. Several
classes have been used to implement the al-
gorithm. Some of these classes are defined
inside RLAlgorithm (inner classes) and others
are normal outer classes. In RLAlgorithm.py,
we define the RLAlgorithm class, which also
have several inner classes. These classes are:

– Agent: Inner class used to define the agent.
The most important thing about this class
is the select_action method, which is the
one used to calculate the action using
whether Exploration or Exploitation.

– DQN: Inner class used to define the target
and policy networks. It defines a neural
network that have to be called using the
vector of features calculated by passing the
image through the feature extractor net.

– EnvManager: Inner Class used to manage
the RL environment. It is used to perform
actions such as calculate rewards or gather
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the current state of the robot. The most
important methods are:

– calculate_reward, which calculates
the reward of each action depending
on the initial and final state.

– calculate_reward, which calculates
the reward of each action depending
on the initial and final state.

– extract_image_features, which is
used to transform the image to ex-
tract image features by passing it
through a pre-trained CNN network
that can be found in ImageModel
Module.

– EpsilonGreedyStrategy: Inner Class used
to perform the Epsilon greede strategy

– QValues: Inner class used to get the pre-
dicted q-values from the policy_net for the
specific state-action pairs passed in. States
and actions are the state-action pairs that
were sampled from replay memory.

– ReplayMemory: Inner Class used to cre-
ate a Replay Memory for the RL algorithm

– Environment: Class where the RL Envi-
ronment is defined

– TrainingStatistics: Class used to store all
the training statistics. If it is run separately,
It will plot a set of graphs to represent
visually the training evolution.

– ImageModel: Class used to extract the
image features used in the training. You
can find this class in this repository, which
store another module of this project.

– ImageController: Class used to gather
and store the relative state images from
a ros topic.

In order to implement the algorithm there
are two important structures that are defined
in the beginning of this file. These structures
are:

– State, which defines all the things needed
to represent a State:

– Coordinates of the robot.
– Image of the State.
– Boolean telling if an object has been

gripped.

– Experience, which represents the experi-
ence of the agent in a given moment:

– The initial state of the agent (Image).
– The initial coordinates of the agent.
– The action taken by the agent.
– The state reached after taking the ac-

tion (Image).
– The coordinates reached after taking

the action.
– The reward obtained for taking this

action.
– Boolean telling whether the final state

is terminal or not.

Finally, there are some important methods
in RLAlgorithm class that it is important to
take into account to understand how this node
works:

– save_training: Method used to save the
training so that it can be retaken later. It
uses pickle library to do so and stores the
whole RLAlgorithm object because all the
context is needed to retake the training.
This method also stores a pickle a Train-
ingStatistics object for them to be accessi-
ble easily.

– recover_training: Method used to recover
saved trainings. If it doesn’t find a file with
the name given, it creates a new RLAlgo-
rithm object.

– train_net: Method used to train both the
train and target Deep Q Networks. We
train the network minimizing the loss be-
tween the current Q-values of the action-
state tuples and the target Q-values. Tar-
get Q-values are calculated using the Bell-
man’s equation:

q∗(s, a) = E[Rt + γmax(q(s′, a′)] (4)

– next_training_step: This method imple-
ments the Reinforcement Learning algo-
rithm to control the UR3 robot. As the
algorithm is prepared to be executed in
real life, rewards and final states cannot be
received until the action is finished, which
is the beginning of next loop. Therefore,
during an execution of this function, an
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action will be calculated and the previous
action, its reward and its final state will be
stored in the replay memory.

v. Training Flow

This is a really complex process that it is easier
to understand watching it graphically.

Figure 7: Flow chart explaining training steps

In Figure 7, we can see a flow chart explain-
ing what happens during a training step in AI
Manager. In the previous section I told that we
would explain deeply what was the training
process in AI Manager. We will explain it now
with this chart, but, again, it is a simplified
flow.

As we can see in the graph, during a training
step we have to do basically 2 main tasks. On
one hand, we have to calculate the action for
the Robot Controller to perform it. The process
is simple, we get the current state (Onboard
Image and Robot Coordinates), and we pass
it through the policy network in order to cal-
culate the Q Value of each action. We get the
action with highest Q Value.

On the other hand we have the weird part,
which is storing on the Replay Memory the
experience of previous step. We have to stor
the experience of step t-1 in step t because
experience is composed on both initial and
final state, and the reward. The initial state
is known in step t-1, but the final state is not
known until step t-1. The reward of action
t-1 is also calculated in step t because it also
depends on the final state of the agent.

Finally, we train the algorithm in every step,
following the steps shown on Figure 8.

Figure 8: Flow chart explaining the training process

The training precess starts asking the Re-
play Memory if there are enough experience
to supply a sample of size=batch_size. If there
are enough experience, then the Reply Mem-
ory provide a random sample of experiences
and the training actually starts. The next step
would be splitting the batch into batches of
categories and calculate the current and next
Q Values of all the samples of the batch.

To calculate the current Q Values we use
the policy network and to calculate the next
Q values we use the target network. To un-
derstand why we use different networks it is
recommended to read and try to understand
the Deep Reinforcement Learning Section of
the State of the Art of this document.

The process of calculating the Q Values is
also a little bit different in both cases, because
for the next Q Value we have to first take out
(Q Value = 0) all the samples of the batch in
which the final state is terminal.

Once we have the next Q Values calculated,
we use the Bellman’s Equation to calculate the
target Q Values and then calculate the loss as
the difference between the target Q Values and
the current Q Values.

Finally, we back-propagate the loss using the
optimizer, to modify the weights of the policy
neural network. The weights of the target neu-
ral network are frozen and only updated after
X steps.

vi. Image Model

Image model is the module which is connected
to AI Manager and is in charge of extracting the
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features of the images. It uses some Data aug-
mentation techniques to pre process the image,
and then it is passed through a Convolutional
Neural network to extract its features.

We will talk about this later, but this is a
really important step, not only because a good
feature extraction is vital for training any neu-
ral network, but also because the size reduction
of the image allows us to store a huge amount
of experiences in the GPU memory without
having to discard any of them because of mem-
ory problems.

However, we will not analyse this module
more deeply because it was not developed by
me and for the aim of this document it works
just as a Black Box. The author of this module
was Pilar Hernandez, that worked together
with me in the project.

vii. Rewards

Rewards Is one of the most important and dif-
ficult things to do in Reinforcement Learning
Algorithms. In this case we used several differ-
ent configuration of Rewards.

The final combination is the following:

– Successful pick actions: 10
– Unsuccessful pick actions: -10
– Robot out of boundaries: -10
– All the other actions: -1

We used this rewards because we noticed
that, if we didn’t give negative reward for the
normal actions, the robot was never perform-
ing pick actions, because the probability of
failing was higher than the probability of suc-
ceeding.

Besides, we added some prior-knowledge to
the algorithm. Prior knowledge technique is
used in really complex Reinforcement Learn-
ing Problems as the one we were facing, and
consist on limiting some actions depending on
other conditions.

For example, in this algorithm we forbid to
perform two consecutive pick actions in the
same place without moving, because if the first
pick action wasn’t successful, the second one
will not be successful either.

Results Analysis
In Reinforcement Learning, results vary a lot

depending on the parameters of the training.
To understand how we are going to compare
the different algorithms, we have to first define
some metrics. In this case, the metrics are:

– The number of pick actions per episode:
When the agent performs a pick action
and picks an object, the episode is ended.
So, in this case, the lowest the better.

– Reward per episode: In each episode, the
agent is trying to maximize the total re-
ward, so, in this case, the highest the bet-
ter

– Number of steps per episode: We want
to minimize the time between picks. The
lower the better

– Evolution of successful episodes during
the training: As we already know, the
episodes can be ended because the agent
has pick an object (success) or when the
robot has reached the environment limits
(not success). The number of unsuccess-
ful episodes should decrease during the
training.

– Random actions per episode: This is not
actually a measure of performance but a
measure of control. If the training is going
well, when the number of random actions
decreases, the rest of the measures should
improve.

Once that we have the measures, we should
understand how to compare this information.
For example I have decided that, for the first 3
measures, we shouldn’t take into account the
information of unsuccessful episodes, because
that could result on a false sense of improve-
ment. Let’s imagine the "Number of steps per
episode" metric, if we took into account the non
successful episodes, we could have an episodes
of one steps thinking that we are improving,
while we are actually worsen. The same could
happen with the number of picks and even
with the reward metric, because, although the
reward for reaching the environment limits is
really low, the reward of a failed pick is as low
as the other, so we could also be having a false
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sense of improving.

On the other hand, in order to have softer
and more readable graphs, I have decided to
plot the mean of the last N values instead of the
values themselves. I probably got inspiration
from the "Theory of Communications" course.

The results gotten can be seen in the follow-
ing set of figures. In Figure 9 we can see how
the pick actions per episode decreased during
the training. The mean was between 1.2 and 1.4
which are goods results having in mind that we
are only showing the successful episodes. The
optimal value of this metric would be 1 pick
per successful episode, so this results shows
that there are much more successful picks than
unsuccessful.

Figure 9: Evolution of pick actions in episodes

In Figure 10, we can see how rewards evolve
during the training. As we can see, the reward
is increasing during the whole training. The
reward is still negative but it is normal, be-
cause all the actions have negative rewards but
the successful pick action, that has a positive
reward.The objective of the training would be
having positive rewards, that would mean pick-
ing a piece in the first 10 steps of the episode
without failing any other pick. This is a per-
formance that, unfortunately is still far from
happening, although our performance is good
enough to reach our objectives, as we will see
later.

Figure 10: Evolution of rewards through episodes

In Figure 11, we can see the evolution of
steps per episode. This metric has improve
a lot, as we can see that the agent is picking
pieces much faster than in the beginning.

Figure 11: Evolution of steps through episodes

As we said before, the improvement in the
other metrics is important, but we have to
check if this is happening when we reduce
the number of random actions. If it doesn’t, it
can just be coincidence. In Figure 12 we can
see how the random actions kept decreasing
during the training, showing that the good im-
pressions of the training are well founded.
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Figure 12: Evolution of random actions per episode

Until now, all the news regarding were good.
However, we cannot be completely happy with
the results showed in Figure 13. In this image
we can see how successful and non successful
episodes have evolved during training. Hav-
ing in mind that the big white holes (set of
unsuccessful episodes) can be considered as
accidents during the training (forgetting to re-
fill the box with pieces, or failures of the sys-
tem while calculating the robot coordinates), it
seems like the rate of successful vs unsuccess-
ful episodes improve over the training.

However, This is probably the worst metric
in the training, and it is something to improve
in the next iterations. If I had to say the reason,
I would say that sometimes, when the box is
partially empty, the agent sees reaching the en-
vironment limits as a tool for picking a piece,
because every time that the robot reaches the
limits, the optimal point of starting is calcu-
lated.

Conclusions and Future Work
In the previous section we talked about the

results, but the most important thing that we
have to do when analysing the results of a
project is compare the results with the objec-
tives. Just to remember, the objectives of the
project were the following:

– Implement a bin picking simple solution.
A basic one, without Artificial Intelligence.

– Improve the performance using RL and
Image Recognition.

Figure 13: Evolution of successful episodes during train-
ing

– Study the usage of new technologies to
add information to the system.

– Create a functional system that can be con-
tinued and that delivers the first results.

– The system should empty the box with a
rhythm of 2 pieces per minute.

It is important to have in mind that the
project is not a fully functional system. We
couldn’t probably sell the product to anyone in
this state, but taking into account the complex-
ity of the project, that we were starting from
zero and th results obtained, I would say that
we have reached the expectations.

Analysing the objectives, we have imple-
mented a simple and complex bin picking so-
lution, studying and adding new technologies
such as the Block Detector or Prior Knowledge.
Besides, we have implemented a functional sys-
tem that has to be improved, but it works in a
good way, improving the objective of picking 2
pieces per minute in almost 20 seconds.

This last objective may not seem a lot, but
it is important to take into account that the
system has been implemented in a real robot,
and just the pick and place action can take
about 30 seconds to be taken.

During the whole project we have passed
through a lot of adversities. It was difficult to
make the communication between ROS nodes
work, the development of the home made grip-
per took more time than expected, there were
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Table 1: Example table

Name

First name Last Name Grade

John Doe 7.5
Richard Miles 2

a national lock down in France that last over
2 months... In every moment we knew that
we were on a project and that all these things
could happen. If we were locked i some task,
we managed to find a complementary task in
order to not being stopped.

In my opinion, we have done a really good
job and we have proven that Reinforcement
Learning is a good solution for this kind of
problems. The solution implemented is still far
from its final version, but we have created a
really good starting point for other people. I
am glad that the project will be followed in the
following months and it will probably reach a
much better state.

The solution implemented was working, but
I think that there is still a lot of work to do.
For example, the agent was learning that when
the background of the images was white (No
pieces in the box), he shouldn’t perform a pick
action. We tested for a long time, and if there
were no pieces in the box, the robot was rarely
performing pick actions, coinciding with the
minimum random action ratio.

However, in my opinion, the agent wasn’t
really detecting the best place for taking a pick
action, but the worst, and it was performing
pick actions in the rest of the places. There is a
lot of work to do on fine tuning the Algorithm
to find its optimal state. Probably with hours
and hours of training it will be possible.

There are other important things to do in the
project, as trying to generalize the model in
order to be able to pick not only the wooden
squares but any other kind of objects. In order
to do so, it will take a lot of hours of training
with some different objects.

e = mc2 (5)
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