SOAR

A reinforcement learning approach
to industrial robotic operation

ltem Type Thesis

Authors Thirumullaivoyal Santhana Kumar, Kaeshav

Publisher Wichita State University

Rights Copyright 2019 by Kaeshav Thirumullaivoyal Santhana Kumar All

Rights Reserved

Download date 2026-02-07 05:06:40

Link to ltem http://hdl.handle.net/10057/17137



http://hdl.handle.net/10057/17137

A REINFORCEMENT LEARNING APPROACH TO INDUSTRIAL
ROBOTIC OPERATION

A Thesis by

Kaeshav Thirumullaivoyal Santhana Kumar

Bachelor of Engineering, Anna University, 2018

Submitted to the Department of Industrial, Systems, and Manufacturing Engineering
and the faculty of the Graduate School of
Wichita State University
in partial fulfillment of
the requirements for the degree of
Master of Science

December 2019



© Copyright 2019 by Kaeshav Thirumullaivoyal Santhana Kumar
All Rights Reserved



A REINFORCEMENT LEARNING APPROACH TO INDUSTRIAL ROBOTIC
OPERATION

The following faculty members have examined the final copy of this thesis for form and content,
and recommend that it be accepted in partial fulfillment of the requirement for the degree of Master
of Science, with a major in Industrial Engineering.

Saideep Nannapaneni, Committee Chair

Enkhsaikhan Boldsaikhan, Committee Member

Hongsheng He, Committee Member



DEDICATION

To My Loving Parents, God, and Friends



ACKNOWLEDGEMENT

First, I would like to thank my advisor Dr. Saideep Nannapaneni for his guidance and

support throughout my Master’s program at Wichita State University. | am very much grateful for

the trust he had in me during my research.

Besides him, I would like to thank my committee members: Dr. Enkhsaikhan Boldsaikhan
and Dr. Hongsheng He for taking time in reviewing my thesis. I am very much obliged to thank
Dr. Deepak Gupta for letting me complete my coursework requirements and approving my plan

of study.

I would finally like to thank my best friends Varun Sreejayan and Bhoomi Savant for

providing moral support during my research.



ABSTRACT

In the current industrial market, all the companies strive to achieve shorter lead-times,
reduced scrap and elimination of bottlenecks. To this regard, industries have recently employed
human-robot teaming strategies in assembly lines to improve accuracy and to reduce human
burden. But this system can fail to work efficiently as the pace of the worker in the human-robot
team decides the pace of operation. Therefore, programming the robot to adapt to the pace of the
worker is essential for effective human-robot team operations. This thesis uses a reinforcement
learning approach to transform a conventional robotic system (robotic arm) trained using human
demonstration into an artificially intelligent robotic arm using reinforcement learning. This work
demonstrates the reinforcement learning approach to a human-robot team for a real industrial

assembly process on a simulated platform in Python using the Pygame package.
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CHAPTER 1

INTRODUCTION AND MOTIVATION

In manufacturing and production industries, robots are playing an increasingly important
role in optimizing the production processes, by effectively carrying out repetitive tasks and are
capable of being programmed to adapt to the pace of the operators. The human-robot teams can be
of really great use, when it comes to tasks where a part needs to be inspected both visually and
using a vision system, the vision system can be of great help and identify errors with higher
accuracy in machined parts, in case of a defect missing from the camera vision, can be once finally
inspected by the worker. Use of industrial robots can reduce the stress and fatigue that the tiring
and repetitive operations have on the worker. Some examples of human-robot teaming on
production floors are:

1) In a workstation where the human worker is placing a part from the bin to the workplace

and the robot does machining operation on it [1].

2) In cases where human-robot teams can be used for packaging of heavy electronic goods

[2].

3) In astation where the worker places the part on the fixture and the robotic arm performs a

drill or a spot weld [3].

4) ABB Frida is being tested to act as a robotic assistant to an assembly worker to improve

the pace of completion of the task [4].

Research is being carried out to make human workers to command multiple robots to carry out
tasks simultaneously in order to meet increasing customer demand [3]. Currently in human-robot

teams, the robot learning from human demonstration is a popular approach and efficient to perform



repetitive tasks. This is one approach to training where the robot learns from the commands from

the human worker and work alongside humans [5].

Human-robot teams require robust co-operation in dynamic environments, where they should
have efficient communication of data, resource allocation and effective decision making [6].
Currently human-robot teams are achieved with either using a sensor-based automation, where a
robotic arm and a sensor are connected in way that the robotic arm performs the operation if the
worker is not in the proximity, using servo motors which can engage and disengage the joints with
respect to the sensor reading. Cobots made by Universal robots [7] and other similar robots have
a safety operation mode, it is a case where the robots and the human workers can co-exist in the
environment, but it is set in a way that the robotic arms come to an emergency stop when they are
in contact with the worker in the same station. The issues in the current framework of human-robot

teams are as follows:

1) The sensors can be programmed only for certain limits of the operating conditions and are
not flexible to work for all conditions.

2) The pace of the human operators in the human-robot teams decide the pace of the product
flow on the conveyor rails. So any delay time by the robot operations (e.g. stopping the
part flow on a conveyor belt to perform operations) may lead to bottlenecks at certain
processes.

3) To produce heterogeneous parts of different specifications and sizes, the industry has to
invest on different and costlier systems and it can be hard and time-consuming to perfect
the process of synchronizing the operation of the robotic systems with varying pace of the

parts on the conveyor without stopping it.



4) Since the world is moving towards artificially intelligent manufacturing processes, use of
additional mechanical systems such as sensors (e.g. vision sensors) can result in additional
costs in the manufacturing process.

5) In sensor-based human-robot teams, the worker has higher risk of accident, in case of a

malfunction of the sensors due to poor sensing and error in the sensor readings.

This report studies the efficacy of the reinforcement learning to improve the performance

of human-robot teams.

1.1 Reinforcement Learning

For better human-robot teams, human-robot interaction should be coupled with RL. The
three paradigms of this are [8] — (1) Systems that learn via interaction, (2) Active learning that
approaches to gain knowledge with response to an action, and (3) Learning from a input from

human and also exploring new tasks on its own

Reinforcement learning is a dynamic machine learning approach, by which the agent is trained
through programming to sense the environment, identify the current state, and take the most
efficient action in order to reach the goal state. RL is a type of machine learning alongside with
supervised learning and unsupervised learning, it differs from the other types for the fact that the
states need not be explicitly defined by the researcher and the RL approach is formulated using a
Markov Decision Process (MDP). RL agent is connected to the environment using sensors. In the
learning phase, the RL agent passively watches over the states, action and rewards, which it uses
in the future for cost-function approximation [9]. RL possesses the following features which make
it a tool for intelligent control. It is effective enough to learn control policies, even if the

performance is poor initially with increase in the number of timesteps or episodes they approach



to a very optimal policy. The RL decision making directly connects the input to the output. Every
action is taken based on the current state [10]. RL approach can be used in manufacturing process
of various characteristics such as in high-dimensionality processes to reduce the complexity of
manufacturing problems and make the solutions more transparent, to adapt to stochastic and
consistently changing operating conditions, and to differentiate the relations and causality between

different problems [11].

RL has been a very vital tool in scheduling tasks for flexible manufacturing systems, which
the help of fuzzy logic and backpropagation neural networks [12]. RL has also made way for the
most smart vision system by bringing about autonomous object recognition and detection based

on salient vison in a real-world environment where it can identify random images [13].

1.2 Markov Decision Process (MDP)

MDP is a stochastic decision-making approach where different actions are determined
based on the state of the system. The MDP consists of a finite set of state(s), observations and
initial state and each state has its own set of action to reach the target state, and use the rewards to
take the next action to reach the next state [14]. There are many types of MDPs: discrete states and
discrete actions, continuous states and discrete actions or the ones where both the state and actions
are continuous [15]. MDP is used to provide an optimal policy which maximizes the probability
of higher rewards. RL can enable robots to learn policies that are robust towards state estimation
uncertainties [17]. Currently RL is used in robotic arms to determine the current state and for the
given goal state to perform the most optimum action to reach the goal state. The key characteristic

of the RL agent is that it can autonomously finalize the most optimal action by performing trial



and error interaction and the robot develops the property of taking action with respect to the
environment and also this acts as a great advantage when the environment is complicated [18]. To
be implemented in the manufacturing applications, the RL should have the following
characteristics [19] — (1) Working on a multitude of data such as numbers, strings, and images, (2)
Easily able to interpret results from every state and compute the actions to be taken instantly, and

(3) Ability to carry out real-time data processing.
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Fig. 1: RL agent in environment [16]

In resource management, RL is used to allocate a limited number of resources to various
jobs without affecting the pace of the job [20]. RL enabled traffic light system can easily avoid
congestion during peak traffic hours, by allocating delays dynamically to the different signals in a
junction RL is used in robotic arm control by giving various command to manipulate the motor
torque depending upon the current state observed. In Web system configuration, for VM-based
environments it is used in autonomous reconfiguration of parameters RL has been used in mobile
robots in the process of obstacle avoidance (moving uninterrupted without colliding), move with
having a specific distance between the robots. The learning involves in the development of the
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most optimum policy for propagation in the stochastic environment where other mobile robots are
in non-uniform motion [21]. RL-based bipedal humanoid, robots have been used in for carrying
out task like a penalty kick, the learning is carried out by the agent by using the information of
position of different joints in the robot with respect to the target position [22]. A WAM robotic
arm was used to stack kitchen utensil using a RGB-kinetic camera and a model-based

reinforcement learning policy which can perform the tasks based on image perception [23].

Research has been carried out to make robotic arm manipulator to reach and door knob and
unlock and open the door using Off-policy Reinforcement learning through Deep Q functions [24].
Design retrieval is a very important RL approach, where the Al used the design features from a
pre-existing model to create features for a new model, thus eliminating the need for starting from
scratch [25]. Al and RL have been the stem of computerizing the human capability of reasoning
to machines. In current manufacturing world, controlling multiple activities in dynamic shop floors
is nearly impossible or highly complicated. This complexity and uncertainty affect the
effectiveness of the conventional manufacturing systems. So this problem is handled by using

intelligent control for Industrial manufacturing systems [26].

1.3 Feasibility Check for RL

The various parameter necessary to carry out before the application of RL algorithm, [20],

1) The feasibility of RL in the problem is to check if the problem can be designed as a MDP,
can go be executed through trial and error and has Boolean rewards.
2) Similar to the real world environment, a simulation environment is required to be setup,

the trial and error iterations are to be carried out in it



3) Designing an MDP flow for the problem is very much necessary in order to go ahead with
assigning the goal and rewards for the agent to start learning
4) The type of RL algorithm appropriate for the problem has to be chosen, between Model-

based and Model-free; these approaches are later discussed in Chapter 2.

1.4 Motivation

This research aims to develop a reinforcement learning framework which can be used for
robotic arms in human-robot team environment in a manufacturing or assembly environment,
where the pace of operation of the human operator is stochastic as it can be statistically analyzed
but accurate predictions cannot be made. The simulation environment explains how an agent can
reach its goal, which is tied to another agent which has stochastic movement. So the approach
proposed in this research enables setting up robotic arms for various environments. This approach
towards reducing lead time in manufacturing, improve worker efficiency and to put the companies
towards the path of Industry 4.0 as robots and automation have currently become the solution to

higher costs, lower productivity, shortage of skilled labor, safety risks and quality control [27].



CHAPTER 2

BACKGROUND

The main advantage of using the reinforcement learning (RL) approach is to incorporate

intelligence into the robot operation. Some specific advantages include [28].

1) Learn and perform new tasks, which human operator could not program in the robot, like
lifting heavier payloads, performing high speed operations, etc.

2) Learn the most optimum actions to reach the goal state purely based only on the cost
functions for rewards

3) Perform a new task in every timestep which was never performed in the previous episodes

Some applications of Q-learning in the manufacturing domain are: (1) An AGV
programmed with Q-learning for navigation is used for navigation to supply raw materials between
machines in a factory [29], (2) Enable manufacturing control systems to function effectively in
such stochastic conditions [30], and (3) Production scheduling for machines in a manufacturing

environment [31].

2.1 Types of RL algorithms

The RL algorithms are broadly classified into Model-free and Model-based methods or
On-policy and Off-policy methods [32]. The model-free RL approach works on trial and error to
reach the goal state without the need for storing the memory from previous actions. The model-
based approach works on updating the probability based on the current state and specific action to
take if the goal state is successfully reached. The model-based RL works on creating an
intermediate model from the input it gets, whereas model-free RL directly works using the input

without creating a model [33].



The on-policy method is based on the knowledge that the agent gains from the current

policy and the off-policy method is based on the action executed based on another policy. The off-

policy works in a way that the target can be calculated without having consideration for the

experience of it [34]. The various types of RL algorithms are as follows [32].

1)
2)
3)
4)
5)
6)
7)
8)

9)

Monte Carlo

Q Learning (State-Action-Reward-State)

SARSA (State-Action-Reward-State-Action)

Q learning-Lambda (Q learning with eligibility traces)
SARSA-Lambda (SARSA with eligibility traces)

DQN (Deep Q Network)

DDPG (Deep Deterministic Policy Gradient)

A3C (Asynchronous Advanced Actor-Critic algorithm)

NAF (Q learning with Normalized advantage Functions)

10) TRPO ( Trust Region Policy Optimization)

11) PPO (Proximal Policy Optimization)

12) TD3 (Twin Delayed Deep Deterministic Policy Gradient)

13) SAC (Soft Actor-Critic)

The above RL algorithms used in different applications in order to obtain the best policy

for obtaining the most rewards by reaching the goal state. Monte Carlo, Q-learning, Q-learning

lambda, DQN, DDPG, NAF, TD3 and SAC are off-policy RL algorithms and SARSA, SARSA

lambda, A3C, TRPO and PPO are the on-policy RL algorithms. A few commonly used algorithms

are discussed below.



2.1.1 Q-Learning

It is a reinforcement learning procedure based on a value-based algorithm. This is an
incremental learning approach which originated from the initially known dynamic programming
which was dedicated for reinforcement learning [35]. In this procedure, the algorithm flows in a
way that the current state is used to determine the action to be taken to achieve the reward state.
This is a more suitable approach for sequential decision-making tasks, where the agent learns from
action of each state, where the magnitude of action is the sum of the cost of action and the
maximized future reward [36]. This is regularly updated for each state. It used a Bellman’s

equation in order to calculate the Q-value [17],

New Q (s,a) = Q (s, a) + a[R (5, @) + y.maxQ’(s’,a’) — Q(s,a)] 1)

where state is denoted by ‘s’, action is denoted as ‘a’, reward for the action is denoted by ‘R’,

o and vy are the learning and discount rates respectively, Q (s,a) is the current Q-value.

This function in the equation regularly and iteratively updated with new Q-values which
would help the robot to improves and optimize the action it takes to reach the reward state. The
Agents use Q-learning to learn more effectively in Markovian environments [37]. Learning rate is
used to define to what extent the newly acquired information from the current state overrides the
old information. The values lie between 0 and 1. 0 defines that there has been nothing newly
learned having values closer to 1 means that the learning is faster. This is based on learning a new
policy at an optimal rate of convergence to the goal state [38]. Discount rate lies between 0 and 1.
The iteration has to converge to a specific Q-value for the most optimum way to the reward state,
so the discount rate is usually held closer to 1 [39]. Exploration plays an important role in active

learning processes like Q-learning, where the agent has a finite set of actions among which it
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explore and decides to create an optimal policy to reach the target state [40]. The Q-learning policy

implemented to an RL agent will follow the following steps.

Get rewards based on result
of action

|

Identifies current state

l

Perform an action

Identify next optimal state

Fig. 2: Q-Learning Policy
2.1.2 Double Q-Learning:

Unlike a deterministic environment, a Q learning fails in a Stochastic environment because
in a stochastic environment, the agent is not certain about its action to the reward state and the
main factor for a Q-learning to fail in this case is due to over-estimation, as it chooses the maximum
action value to be the most expected action value. So, an off-policy double estimator is used to
generate the double Q learning strategy which by using a new algorithm which converges to most
optimum value by undermining Q-learning which functions poorly in such conditions due to
overestimation of the most expected action value. In this method, two value functions are

simultaneously assigned experience and one is used to determine the greedy policy and the other
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one to determine its value [41].In this method, two Q-value functions Qa and Qg are maintained,

so they get updates from each other for the next state [42].

Qa(s, @) < Qa(s, a) + als, a) r+yQa(s ', a*x ) — QA(s, a) )

Qs(s, a) — Qa(s, a) + a(s, a)(r + yQa(s ', bx ) — Qa(s, a) ©)

where a* = arg maxa Qa(s’, a), and b* = arg maxa, Qs(s ', a); a* is the argmax (argument of maxima)

where a is maximized and b* is the argmax where b is maximized.

2.1.3 Deep Q Learning:

Unlike Q-learning and Double Q Learning where we give knowledge about the state and
the set of actions for the agent so that it generates the Q-value which can help decide the optimum
policy, The Deep Q Learning gives a state to a Neural network and generates different actions with
a Q-value and choses the most optimum out of it. For instance, letting the agent learn different
data in the pre-training phase and perform efficiently to imitate the original demonstrator in the
real world execution [43]. At each step, we receive a tuple (state, reward, action, new state), then
this is fed to the neural network to decide the next action and Q-value. The experiences of the
tuples from the interactions with the environment is then stored in then, then we sample them by
feeding the tuples to the neural networks in a random fashion rather than being sequential, so that
the error of correlation by the neural network to a particular pattern due to sequential sampling of

events can be prevented.

The Bellman equation of the Q-learning is modified in a way that the neural network
studies the difference between the new Q-value and the previous Q-values and considers this to be

the errors and works on reducing the difference to improve the accuracy of the agent.
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Deep Q Learning is used on Al vision system for mobile robots for obstacle detection in an

environment [44]. The equation is

AW = o [(R + ymaxaQ’ (s, a, w)) — Q’ (s, a,w)]VuwQ’(s,a,w) (@))

where o is the learning rate, Q’ (s, a, w) is the current Predicted Q-value, VuwQ’(s,a,w) is the

gradient of the current predicted Q-value

2.1.4 Double Deep Q Learning:

The Double Deep Q Learning or the Double Learning is primarily used to overcome the
overestimation of Q-value error in Q-learning [45]. For the study we calculate the Temporal
Difference (a class of RL algorithm which learns from the current estimate of the cost function )

target using the formula [46],

Q (s,a) =r (s, a) + ymaxaQ(s’, a) (5)

where, r (s, a) is the reward of taking an action for the current state, ymax.Q (s’, a) is the

discounted maximum Q-value possible for all the actions that can be taken in the next state

With the TD target we face the problem of choosing the highest Q-value to be the best
action, if the non-optimal action continuously gives continuously higher Q-value and we choose
it, it makes the learning complicated. We resolve this by using two different networks to decouple
the Action selection and Target Q-value computation as follows - (1) The DQN is used to find the
best action for the next state, (2) The target network is used to compute the Q-value for taking the

particular action in the next state.
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Double Deep Q learning is used in order to carry out energy efficient scheduling in
manufacturing industry to reduce wasted energy, in this approach the Double Deep Q learning is
used to generate Q-value function to the dynamic velocity and frequency vectors in order to
generate Q-value and target function to train the parameters [47]. In this thesis, we use Q-Learning

as it is the most commonly reinforcement learning technique.

2.2 Python programming for RL

The RL programming is carried out using Python programming as a tool, to generate Al
agents. The main reason for using Python as a tool for RL and other Machine Learning(ML)
programming are as follows,

1) Python is a simple yet powerful and easily readable programming language which makes
it easy for developers to easily implement RL codes than the other programming languages
and has extensive set for libraries for ML and Al development. Keras, Tensorflow and
Scikit-learn are different packages for ML

2) Python has a standalone feature which makes it platform independent and can be used on
Windows, Linux or Mac, and also the Python program used in one machine can be easily
used in another machine

3) Python also has a greater community of Al developers, since it is a open-source language

it has a vast number of developers to contribute towards the growth of the language.

In this thesis, Pygame module has been used to depict Q-learning among the agents. Itis a
Python module for designing and writing games, using computer graphics [48].
This Q-learning algorithm is a backbone for various researches being carried out in the

manufacturing industry. This is paired with Deep Neural networks and vision systems to bring

14



about Vision-based Deep RL systems for various manufacturing and inspection purposes. The
miR1000s are autonomous pallet handling robots and they are integrated with 3D Al cameras with
Deep Neural networks for better navigation and localization are integrated to the MiR 1000’s fleet
software, the agent is being programmed using a Q-learning algorithm, which helps the AGV to
follow the most optimal policy to reach the target in the environment through prior knowledge
obtained from previous episode [49]. Google Al robotics has been working on perfecting the
process of hand-eye coordination seen in humans for robotic arm with a vision systems tied to
Deep Q Neural Net for better image and pattern recognition and also for better classification of the
objects, this can be used in Industrial cases such as bin-picking of complex shaped parts [50].
Recently in electronics manufacturing industry, the final quality of a set of connectors
manufactured is inspected by checking a continuity, for this the arm uses vison-based DRL uses
for identification of different parts, in this research the arm of the robot has a male/female part of
the connector which can be used to find the position of the other part to fit and check the

connectivity [51].
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CHAPTER 3

PROPOSED METHODOLOGY

3.1 Problem Statement

Press L1 155 |—m Conveyor

30s

Packaging

Robaotic Imaging

30s

!

F

255

Human Operator

Fig. 3: The timed process flow for the case study

Considering the case in an assembly line where a robotic arm and a human worker work at
consecutive stations on the same part. We consider the case, in a Plastic manufacturing company,
considering a cup holder for passenger cars, where a robotic workstation is moving out of the
molding press on a conveyor to the downstream workstation between which is the robotic arm
workstation which has a robotic arm with a camera to take a picture of the part from a 90deg angle

to the conveyor, then the downstream worker, has the task of doing the visual inspection of the

part.

From the
molding press to >
the conveyor

Robotic Arm

Fig.4: Process flow for the case study
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The downstream workstation has human worker, because of which the pace of the

movement of the cupholder in the conveyor is random. Since the pace of operation is uncertain

because of the different time taken by the workers to complete the process due to various

ergonomic and physical factor, the lead time also fluctuates randomly.

In the current industrial setting, this type of manufacturing process is carried out in a way
that after the part from the molding press on the conveyor, there is sensor in front of the robotic
arm, which when detects the presence of the cupholder near the robotic arm, stops the conveyor.
Then the robotic arm approaches the cupholder in the appropriate position and then takes the image

of the part. Then the part moves to the downstream worker.

In this case, the pace of the conveyor is determined by the downstream workers, and also
the main purpose of a World Class Manufacturing industry is to reduce the time taken for a part to
get fully produced from raw material, i.e. the lead time. So, the robotic arm waiting for the part to
be stopped by the sensor is a time-consuming step to an already time-consuming and random
operation. So, this problem is being solved in this research work by using a RL approach for the

Robotic Arm, which is generic and can be applied to any real world problem similar to this one.

3.2 Assumptions

The case study of this research is to focused on the following assumptions,

1) The pace of the operator/human-worker is random
2) The pace of the part coming in the conveyor is dependent on the pace of the operator,

because the line pauses when the operator is inspecting a part at a workstation

17



3) The pace of operation of the robotic arm workstation adjacent to the workstation of the
operator is directly dependent of the pace of the part on conveyor and indirectly dependent
to the pace of the operator

4) The robotic arm has to stop the line at its workstation to carry out imaging of the part on

the conveyor from a 90deg angle.

The line stoppages can cause a serious effect on the lead time and cause serious issues with

meeting the Takt time (customer demand) [52].
3.3 Proposed Solution

The reduction of lead-time for the above mentioned can be executed if the robotic arm can
be trained using a RL algorithm. The RL algorithm can help the robotic arm to predict the random
movement of the part coming on the conveyor similar to Fig 4. The RL algorithm being employed
in this case is Q-learning. This approach can help bringing about the transformation from a
conventional robotic arm to an Al robotic arm. The Al agent is trained with the state, action, reward
algorithm. This enables the robot to study the current state of the conveyor. The simulation is
carried out in a way that the part is downstream worker is set to random movement and the
conveyor agent is set to follow the randomness of the downstream worker. Now the robotic arm
agent is programmed in a Q-learning approach to predict the action to reach the goal state, by
assigning rewards for the current actions taken and using these rewards to take the most optimum

action to reach the goal state in next action.
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Fig. 5: Conveyor table [53]

3.3.1 Current Approach:

Part moves from upstream

\ 4
Sensor detects incoming
part at the robotic
workstation

4

Conveyor Stops

l

Robotic arm operation

\ 4
Stop released and part
moves downstream

Fig. 6: Current Approach to the Case
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3.3.2 Proposed Approach:

Robotic Arm agent is
trained using a ML
Algorithm

Robotic Arm agent
develops an optimal

policy

A

Part moves from
upstream

Robotic arm predicts the
arrival of the part, using
knowledge from training

Robotic operation
completed

l

Part moves downstream

Fig. 7: Proposed Approach for the Case

1) This approach is carried out mainly to bring about efficient production times in
manufacturing operations

2) This approach is carried out mainly to bring about efficient production times in
manufacturing operations

3) This can reduce the investment required in sensors
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4) This can reduce stoppages during production.
5) This reduces bottleneck as the process keeps flowing depending upon the pace of the

downstream process.

This approach is going to be executed in a Pygame simulation, using Python programming
language. The Pygame is an open-source Python framework with different modules to carry out

designing of video games [48].

The Python programming language is used to simulate agents, which are representation of
the operator, the part on conveyor and the robotic arm, so that the case and the solution can be
easily explained. The Python code, which contains all the modules, packages and the algorithm to
carry out the simulation, when executed displays the Pygame window with the simulation running.
The proposed method is different than the machine vision systems, and general robot offline
programming with sensors and stops, because this approach can make the robot perform its
operation without having to bring the conveyor to a stop to carry out the imaging operation. This
is a 2D simulation which demonstrates the agents as 2D images which move around in the maze
in the simulation window (shown later in Fig 10) , in which the agents are generated exactly as
how it is supposed to be in an industrial assembly line and they’re programmed using a

Reinforcement Learning algorithm (Q-Learning algorithm).
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CHAPTER 4

CASE STUDY

The case of an assembly line, where a cupholder for passenger cars are made, which

consists of two workstations with human operator, and in between those two, one workstation with

a robotic arm. The simulation comprises of following features,

1)

2)

3)

4)

5)

The downstream human worker agent is simulated in Pygame and is set in random motion
in the environment space, representing the randomness in the pace of operation of the
operator

The part on the conveyor is programmed in order to follow the pattern of the movement of
the human worker agent, in order to simulate that the pace of the part on the conveyor is
relative to pace of human worker

The robotic arm agent is trained through Q-learning algorithm in order to predict the
movement of the part agent

The simulation of Pygame displays the metrics for calculating the times the goal state is
achieved and the goal state is not achieved, in this case it is displayed as the “Total parts
missed” and “Total parts processed”, with respect to the Q-learning algorithm generated
for the agents.

In this case “Total parts missed” defines the number of times the Robotic Arm agent fails
to reach the part agent and the part reaches the human operator, and the “Total parts
processed” defines the number of times the Robotic Arm agent was able to intercept the

moving part before it reached the human worker.
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6) The Python codes are written for different parameters in the simulation, namely Part, Arm,

Q-learning Agent

In this case, Reinforcement Learning has been considered to achieve the proposed approach
because nowadays RL has been the most desired tool for different computer vision cases which
requires, segmentation, classification, object recognition and feature detection. Visual tracking is
a very complicated approach which can be solved using RL with vision cameras has been a great

which overcomes the difficulties of object appearance, occlusion and computational demands [54].

Machine vision has few disadvantages with its precision of classification and image
identification, so vision-based reinforcement learning with computational neural networks has

been used to overcome this discrepancy [55].

As previously discussed, Pygame is a framework with modules to create computer graphics
and work with Python libraries, this makes a more robust tool for the simulation approach to this
research, since it can be used to create agents and assign RL policy for the agent to achieve the

main goal of this research with this Pygame simulation.

Q-learning is the type of RL used in this case, and the state is calculated at every time-step
and the robotic arm has to take the action of predicting the position of the part on the conveyor,
and the target/goal is to reach the cupholder on the conveyor, so the agent receives positive reward
for reaching the target and negative reward for not reaching it. So the agent learns to follow a
policy with a maximized positive reward for the environment to reach the target state in a more

optimized way
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4.1 Simulation approach

Create a Pycharm Project
file

\ 4

Generate sub-programs
for simulation
components

A 4

Include the sub-programs
in the main python script

\ 4

Run the main script

Simulation is started

\ 4

Agents learn from the
environment and try
reaching the goal state

Fig. 8: Simulation Approach to the Case Study
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4.2 Simulation Results

a

Worker

Part

; e

Robotic Arm

"

Fig. 9: The components in the simulation

Fig. 9 denotes the various components in the Pygame simulation to illustrate the

RL approach for the agents with respect to our case study. These agents are programmed

in Pygame to gives us a visual aid for how the RL approach can be used to simulated the

case of a robotic arm predicting the position of a object, before it reaches the human worker.

.E'. Grid arvironment
Episode: 2

- kS

Fig. 10: The simulation window

The components in Fig 9 are programmed with Python 3.7 using a Pygame package, where

all the parameters for the simulation window is programmed and the worker agent is set to random
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changes in its state to mimic the stochasticity of human worker in real world and the part is
programmed in a way to follow the motion of the worker, as in the real world case the pace of the
part on the conveyor is decided by the stops that the human worker executes on the conveyor and
finally the robotic arm agent is programmed with a Q-learning algorithm where it develops an
optimal policy to predict the position of the part before the part reaches the worker, and rewards
are assigned for these two outputs.

The Fig.11 is the actual setup of how robot, part and the worker are located in the
workstation. The human worker and the robot are fixed at their particular stations and the part
moves on the conveyor. In the simulation window shown in Fig.10, the agents move randomly in
the screen, which denotes the change in action or state of each agent and not the physical movement

of the agents in the real world workstation.

Fig. 11: The Original layout of the workstation
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Ear

Episode: 26

~ =

Fig. 12: The simulation window when the part gets missed
The Fig 11 is how the simulation screen looks when, the part is not being processed by the

object and it gets missed and reaches the worker. Where a green box surround the worker image.

B Geid evasoament

Episode: 25
o

e

Fig. 13: The simulation window when the part is processed
If the part is being processed by the robotic arm, then the screen turns as seen in the Fig
12. Itis interpreted by the red box that surrounds the robotic arm image. When the Output as shown
in Fig 12 occurs the Arm agent receives a negative reward and whereas, if the output in Fig 13
occurs it receives a positive reward, so the agent stores these in the memory, so during ongoing

episodes it ensures that it does not follow the action which it gave the negative reward again.
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The Table 1 shows the time taken for the part to move between each station or the operation in a
particular station

If according to the proposed RL approach, where the conveyor does not stop at the Robotic

Arm workstation for it to process, instead it follows a policy where it predicts the incoming part

in the 30 second time interval where it travels on the conveyor to the robotic arm, then we save a

25 second time spent at the robotic arm workstation (as per the current approach).

4.3 Cycle time reduction, increased production efficiency and Cost savings:

Table 1: Cycle Time Split-up

Station to station Average Time taken over 10 cycles
(Seconds)

Press to Conveyor 15

Conveyor to Robotic Arm 30

Robotic arm to Human operator 30 (25 second operation + 5 second travel)

Human Operator to Packaging 25

Cycle Time 100

The reduced Cycle time is 100 — 25 = 75 seconds

For the current approach (for three 8-hour shifts per day), we know that the cycle time is
100 seconds/part for which the Current production rate is 864 parts/day (86400/100). For the
proposed approach (for three 8-hour shifts per day), we know that the cycle time is 75
seconds/part after removing the conveyor stop for robotic arm imaging for which the Current
production rate is 1152 parts/day (86400/75), which is a 33% increase in production rate

((Proposed Prod. Rate — Current Prod. Rate)/Current Prod).
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For a price of $35.00 per part, the rate for produced good is $ 30,240 per day and for the

proposed approach is $ 40,320 per day, with a profit of $ 10,080 per day

Table 2: Results after the implementation of proposed approach

S.No Parameter Value
1 Current Production Rate 864 parts/day
2 Proposed Production Rate 1152 parts/day
3 Increase in production rate 288 parts/day
4 % increase in production rate 33%
5 $-value of Produced goods for Current $30,240.00 /day
Approach
6 $-value of Produced goods for Proposed $40,320.00 /day
Approach
7 Profit made on a normal day $10,080.00 /day
Table 3: Success rate for the Q-learning algorithm
S.No Episodes Time(seconds) | Part Part Success
processed | Missed rate
(success) (Failure) (%)
1 50 120 42 8 84
2 100 230 90 10 90
3 150 339 139 11 93
4 200 448 189 11 95
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Fig 14. The Plot to show success rate vs No. of Episodes

The Table 3 shows the success rates for different number of episodes for the simulation,

and the Fig 14, shows the plot for the relation between the success rates and the No. of Episodes,

we can evidently see from the plot that, with the increase in the number of training episodes.
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CHAPTER 5

CONCLUSION

This report detailed the implementation of a reinforcement learning (RL) approach to make
the robotic systems, which are widely being used on production floors more intelligent. The RL
approach presents a novel approach for training and operating robotic systems as opposed to the
traditional approach of training robots using human demonstrations.

This is a generic approach where the agents can be programmed with interface with sensors
so that they can act on their own with respect to the current state and goal state, this can be used
in wide variety of applications, such as robotic welding in manufacturing industries, textile
industry, composite layup processes, robotic inspection.

This case studied in this thesis emphasizes the need for a RL approach which could
eliminate the time wasted in a robotic imaging operation in an industrial production line, with a
pace decided by a human operator. So, the Pygame simulation was performed to demonstrate the
working of the reinforcement learning algorithm in a case where the motion of an agent is directly
influenced by one agent and indirectly influenced by another agent (in this case, the pace of
operation of the robotic arm imaging is directly influenced by the pace of the part on the conveyor
and indirectly influenced by the human operator in the succeeding station). The Cycle time is
calculated without the proposed approach and with proposed approach to calculate the time and
cost savings that could be achieved with the proposed RL approach, which proves the level of
optimization is cost and time that could be achieved in this case.

This research of mine can be extended to real-world industrial applications using paid and
highly sophisticated software such as Gazebo and Mujoco to directly connect to a robotic arm and

program the joint to make them artificially intelligent with the approach explained in this thesis.
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This work can be extended in future for different other workstations that work on robotic
inspection for manufactured parts. This approach can be used in highly sophisticated simulator
such as Gazebo Simulator™, to program it in an industrial assembly line and directly connect it to
the robot controller. This proposed RL approach can also be used in industry such as textiles,
composite printing and surgery for laying fibers. This kind of application can be used in space

exploration to make the space rover to navigate autonomously.
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APPENDIX

Python Scripts for simulation

The Python scripts are made for the following,

1. Part
2. Arm
3. Environment
4. Test
5. Agent
6. Main script
The Pseudocode for Python Script of the Part
Stepl: Import the Pygame module
Step2: Define the appearance of the part in the simulation environment,  Green= (0,230,0) ,
for the color of the part in the simulation field.
Step3: Establish the class for features of the part in the Pygame simulation
The Pseudocode for the Arm
Stepl: Import Pygame module
Step2: Define the appearance of the part in the simulation environment,  Red= (230,0,0) , for
the color of the arm in the simulation field.
Step3: Establish the class for features of the part in the Pygame simulation
The Pseudocode for the Environment
Stepl: Import the numpy and Pygame packages

Step2: Import the classes for Arm and part from their respective Python files
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Step3: Create a class for the Game_env which is used to specify the parameters of the simulation
environment

Step4: Create get_state function to give the idea of the goal state to the agent

Step5: Create reset function to reset the environment after each episode and the render function to
render the simulation using Pygame window

Step6: The step function is generated to give the knowledge of each step after an episode the agents
Step7: Create the display_episode function to display the episode and the get_changes episode
decides the next action corresponding to the current state

Step8: Create the update_positions function to update the position of the agents

The Pseudocode for the Agent

Stepl: Install the packages numpy, pickle, random and default dict

Step2: Create the class Q_Agent, which is used to input the parameters such as alpha, gamma,
eps_start. eps_decay and eps_min

Step3: Develop the function for greedy_action, so that the agent tries to reach the state with 1-
epsilon.

Step4: The learn function is created for the agents to learn from the environment

Step5: The set_policy, take_action, change_policy and save_action are the functions to be created
to carry out

The Pseudocode of the Test

Stepl: Import the packages time and Pygame

Step2: Import the classes Q_Agent from Agent Python script and Game_Env and Game_Matrix
from Environment

Step3: Give the parameters display size, number of rows and columns in the Game matrix
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Step4: Initialize the agents part and arm

Step5: Enter the preferred number of episodes

Step6: Create a loop so that the simulation runs over all the episodes for the given parameters
Step7: For each episode the code is given in the form that the display is rendered and the state and

action is updated.

The Pseudocode for the Main script

Stepl: Import the packages time, sys and Pygame

Step2: Import the classes Q_Agent from Agent Python script and Game_Env and Game_Matrix
from Environment

Step3: Give the parameters display size, number of rows and columns in the Game matrix

Step4: Initialize the agents part and arm

Step5: Enter the preferred number of episodes

Step6: Create a loop so that the simulation runs over all the episodes for the given parameters
Step7: For each episode the code is given in the form that the display is rendered and the state and

action is updated.

Program for the Part:

The code is as follows,

import Pygame

GREEN = (0, 230, 0)
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class part():

def __init__ (self, gameDisplay, width, height):
self. DISPLAY = gameDisplay
self WIDTH = width
self. HEIGHT = height
self.IMG = Pygame.image.load('part.jpg’)

self.IMG = Pygame.transform.scale(self.IMG, (self. WIDTH, self. HEIGHT))

def draw(self, x, y):

self. DISPLAY .blit(self.IMG, (x * self. WIDTH, y * self. HEIGHT))

Pygame.draw.rect(self.DISPLAY, GREEN, [x*self WIDTH, y*self. HEIGHT,

self WIDTH, self. HEIGHT])

Program for the arm

The code is as follows,

import Pygame

RED = (230, 0, 0)




def __init__ (self, gameDisplay, width, height):
self. DISPLAY = gameDisplay
self.WIDTH = width

self. HEIGHT = height

self.IMG = Pygame.image.load(‘arm.png’)

self.IMG = Pygame.transform.scale(self.IMG, (self WIDTH, self. HEIGHT))

def draw(self, x, y):

self.DISPLAY .blit(self.IMG, (x * self. WIDTH, y * self. HEIGHT))

Program for the Environment

The code is as follows

import numpy as np

import Pygame

from Arm import arm

from part import part

# colours - r,g,b
WHITE = (255, 255, 255)

BLUE = (0, 0, 255)




BLACK = (0, 0, 0)
RED = (255, 0, 0)
GREEN = (0, 255, 0)

TEXT_COLOR = (0, 0, 220)

class Game_Env():

def __init__ (self, gameDisplay, game_matrix):

self. HEIGHT = game_matrix.ROWS # height of the environment

self WIDTH = game_matrix. COLUMNS # width of the environment

self. DISPLAY = gameDisplay # will be used for rendering

display_width, display_height = gameDisplay.get_size()

display_height -=50 # since we need some space to show important data.

self. BLOCK_WIDTH = int(display_width / self WIDTH)

self. BLOCK_HEIGHT = int(display_height / self. HEIGHT)

# defining agents
self. ARM = arm(self.DISPLAY, self. BLOCK_WIDTH, self. BLOCK_HEIGHT)
self.PART = part(self.DISPLAY, self. BLOCK_WIDTH, self. BLOCK_HEIGHT)

self. MOVES = {'part: 150, 'arm': 150}




self. OBSTACLES = game_matrix.OBSTACLES

# and finally the Human worker

self.worker_image = Pygame.transform.scale(Pygame.image.load(‘'worker.png’),

(self. BLOCK_WIDTH, self. BLOCK_HEIGHT))

def get_state(self):

# later on give worker state to arm also

self. STATE = {'part’: (self. PART_X - self ARM_X, self PART_Y - self ARM_Y,

self PART_X - self. WORKER_X,

self. PART_Y - self. WORKER_Y),

‘arm’: (self. ARM_X - self. PART_X, self ARM_Y - self. PART _Y)}

return self. STATE




def reset(self):
self PART_X, self. PART_Y = (0, 0)

self. ARM_X, self. ARM_Y = (0, self. HEIGHT - 1)

self WORKER_X, self. WORKER _Y = np.random.randint(0, 9, 2, 'int")

self. MOVES['arm’] = 100

self. MOVES['arm’] = 100

return self.get_state()

def render(self, i_episode=-1):

rendering the environment using Pygame display

# drawing our agents
self. PART.draw(self. PART X, self. PART_Y)

self. ARM.draw(self. ARM _X, self. ARM_Y)

self. DISPLAY .blit(self.worker_image, (self. WORKER_X * self. BLOCK_WIDTH,

self WORKER_Y * self. BLOCK_HEIGHT))




# drawing obstacles
for pos in self. OBSTACLES:
Pygame.draw.rect(self.DISPLAY, BLUE,
[pos[0] * self.BLOCK_WIDTH, pos[1] * self. BLOCK_HEIGHT,
self.BLOCK_WIDTH,

self. BLOCK_HEIGHT])

if i_episode >=0:

self.display_episode(i_episode)

def step(self, part_action, arm_action):

reward = {'part": -1, 'arm". -1}
done = False
info={
‘part_missed': False,
'part_processed': False,
X' -1,y -1,

'width': self. BLOCK_WIDTH,




‘height’: self. BLOCK_HEIGHT

# decreasing the no. of moves

self. MOVES['arm’] -=1

self. MOVES['part] -=1

# done if moves =0

if self. MOVES['arm'] == 0 or self. MOVES['part'] == 0:

done = True

self.update_positions(part_action, arm_action)

# part reached the worker

if self.PART X == self WORKER_X and self.PART_Y == self WORKER_Y:

done = True
reward['part'] = 50

info['part_missed'], info['x"], info['y'] = True, self.PART X, self.PART_Y

# arm caught the part

if self. ARM_X == self PART_X and self ARM_Y == self PART _Y:
done = True
reward['arm'] = 50
reward['part'] = -20

info['part_processed'], info['x"], info['y'] = True, self.PART _X, self.PART_Y




for obs in self. OBSTACLES:
if self. PART_X == obs[0] and self.PART_Y == obs[1]:
reward['PART'] =-20

self. PART X, self. PART_Y = (0, 0)

if self. ARM_X == obs[0] and self. ARM_Y == obs[1]:

reward['arm'] = -20

self. ARM_X, self. ARM_Y = (0, self. HEIGHT - 1)

return self.get_state(), reward, done, info

def display_episode(self, episode):

font = Pygame.font.SysFont(None, 25)
text = font.render("Episode: " + str(episode), True, TEXT_COLOR)

self. DISPLAY .blit(text, (1, 1))

def get_changes(self, action):

X_change, y change=0,0

# decide action




if action == 0:
x_change = -1 # moving left
elif action == 1:
X_change =1 # moving right
elif action == 2:
y_change = -1 # moving upwards
elif action == 3:

y_change =1 # moving downwards

return x_change, y_change

update positions of agents---

def update_positions(self, part_action, arm_action):

x_change_part, y_change_part = self.get_changes(part_action)

x_change_arm, y_change_arm = self.get_changes(arm_action)

self. PART_X +=x_change_part

self. PART_Y +=y change part

self. ARM_X +=x_change_arm

self. ARM_Y +=vy change arm

self. PART X, self. PART_Y = self.fix(self.PART X, self. PART_Y)




self. ARM_X, self ARM_Y = self.fix(self. ARM_X, self. ARM_Y)

def fix(self, x, y):
# If agents out of bounds, fix!
if x<O0:
x=0
elif x > self WIDTH - 1:
x = self WIDTH - 1
ify<o0:
y=0
elif y > self HEIGHT - 1:
y = self HEIGHT -1

return X, y

# ---- A helpful class GAME_MATRIX (Abstracts the specific features of game from

environment)

class Game_Matrix:

def __init__(self, rows=5, columns=>5):

self.ROWS = rows




self. COLUMNS = columns

self. OBSTACLES =[] #[[2,2], [2,7], [7,2], [7,7], [5,5]]

Program for the Agent

The code is as follows

import pickle
import random

from collections import defaultdict

import numpy as np

class Q_Agent:

def __init__(self, env, alpha, nA, gamma=1.0, eps_start=1.0, eps_decay=0.9999,
eps_min=0.05):
self.env = env
self.eps_start = eps_start
self.gamma = gamma
self.alpha = alpha
self.eps_decay = eps_decay

self.eps_min = eps_min




self.nA = nA

self.Q = defaultdict(lambda: np.zeros(self.nA)) # The Q-TABLE

def greedy_action(self, state, epsilon):

Chooses the best possible action with a probability of 1-epsilon, or random action

prob = random.random()
if prob > epsilon:

return np.argmax(self.Q[state])
else:

return np.random.choice(np.arange(self.nA))

def learn(self, state, action, reward, next_state):

updates the Q-table

self.Q[state][action] += self.alpha * (reward + self.gamma * np.max(self.Q[next_state]) -




self.Q[state][action])

def set_policy(self):

sets the optimal policy of agent

policy = defaultdict(lambda: 0)
for state, action in self.Q.items():
policy[state] = np.argmax(action)

self.policy = policy

def take_action(self, state):

return self.policy[state]

Load saved policies--

def change_policy(self, directory):




To be used while loading saved policies

with open(directory, 'rb") as f:
policy_new = pickle.load(f)
self.policy = defaultdict(lambda: 0, policy new) # saved as defaultdict

print('policy Loaded")

def save(self, i):
try:
policy = dict(self.policy)
with open(f'policy{i}.pickle’, ‘wb') as f:
pickle.dump(policy, f)
except:

print('not saved’)

Program for the Test:

The code is as follows

import time




import Pygame

from Agent import Q_Agent

from Environment import Game_Env, Game_Matrix

# colours

ORANGE = (255, 165, 0)
GREEN = (0, 150, 0)
WHITE = (255, 255, 255)
RED = (255, 0, 0)

BLACK = (0, 0, 0)

display_width, display_height = 500, 500

Pygame.init()

Pygame.display.set_caption('Grid environment')

gameDisplay = Pygame.display.set_mode((display_width, display_height))

clock = Pygame.time.Clock()

game_matrix = Game_Matrix(rows=15, columns=15)

env = Game_Env(gameDisplay, game_matrix)

# initialising our agents




arm = Q_Agent(env, alpha=0.1, nA=4)

part = Q_Agent(env, alpha=0.9, nA=4)

# helpful function
def show_info(worker, part):
Pygame.draw.rect(gameDisplay, BLACK, [0, 600, 600, 5])
font = Pygame.font.SysFont(None, 40)
textl = font.render("Total part missed: " + str(worker), True, GREEN)

text2 = font.render("Total part processed: " + str(part), True, RED)

gameDisplay.blit(text1, (50, 610))

gameDisplay.blit(text2, (50, 655))

# indicative rectangle to show part missed or part processed

def draw_rect(color, X, y, width, height):
Pygame.draw.rect(gameDisplay, color, [x * width, y * height, width, height], 10)
Pygame.display.update()

time.sleep(2)

total part_processed =0

total_part_missed =0




num_episodes = 1500

# loop over episodes

for i_episode in range(1, num_episodes + 1):

state = env.reset()
action_part = part.take_action(state['part’)

action_arm = arm.take_action(state['arm'])

# render the environment

env.render(i_episode)

while True:

for event in Pygame.event.get():

if event.type == Pygame.QUIT:

Pygame.quit() # close the window

quit()

next_state, reward, done, info = env.step(action_part, action_arm)

# render the environment




gameDisplay.fil(WHITE)
env.render(i_episode)

show_info(total_part_missed, total_part_processed)

# updating the display
Pygame.display.update()

clock.tick(5)

if done:
if info['part_missed']:
total_part_missed +=1

draw_rect(GREEN, info['x], info['y'], info['width], info['height'])

if info['part_processed']:

total_part_processed +=1

draw_rect(RED, info['x"], info['y'], info['width'], info['height'])

# finish this episode

break

# update state and action
state = next_state
action_part = part.take_action(state['part'])

action_arm = arm.take_action(state['arm'])




time.sleep(2)

Pygame.quit()

Program for the Main Script:

The code is as follows

import Pygame
import time

import sys

from Agent import Q_Agent

from Environment import Game_Env, Game_Matrix

# colours

ORANGE = (255, 165, 0)
GREEN = (0, 150, 0)
WHITE = (255, 255, 255)
RED = (255, 0, 0)

BLACK = (0, 0, 0)

display_width, display_height = 600, 700

Pygame.init()

Pygame.display.set_caption('Grid environment')




gameDisplay = Pygame.display.set_mode((display_width, display _height))

clock = Pygame.time.Clock()

game_matrix = Game_Matrix(rows=10, columns=10)

env = Game_Env(gameDisplay, game_matrix)

# initialising the agents
arm = Q_Agent(env, alpha=0.1, nA=4)

part = Q_Agent(env, alpha=0.9, nA=4)

# helpful function
def show_info(worker, part):
Pygame.draw.rect(gameDisplay, BLACK, [0, 600, 600, 5])
font = Pygame.font.SysFont(None, 40)
textl = font.render("Total part missed: " + str(worker), True, GREEN)

text2 = font.render("Total part processed: " + str(part), True, RED)

gameDisplay.blit(text1, (50, 610))

gameDisplay.blit(text2, (50, 655))

# indicative rectangle to show part missed or part processed




def draw_rect(color, X, y, width, height):
Pygame.draw.rect(gameDisplay, color, [x * width, y * height, width, height], 10)
Pygame.display.update()

time.sleep(2)

total_part_processed =0

total_part_missed =0

epsilon, eps_decay, eps_min = 1.0, 0.99, 0.05
# number of episodes to train

num_episodes = 100

# loop over episodes
for i_episode in range(1, num_episodes + 1):
# monitor progress

if i_episode % 100 == 0:

print("\rEpisode {}/{}".format(i_episode, num_episodes), end="")

sys.stdout.flush()

epsilon = max(epsilon * eps_decay, eps_min)

state = env.reset()

action_part = part.greedy_action(state['part’], epsilon)

action_arm = arm.greedy_action(state['arm'], epsilon)




# render the environment

env.render(i_episode)

while True:

for event in Pygame.event.get():

if event.type == Pygame.QUIT:

Pygame.quit() # close the window

quit()

next_state, reward, done, info = env.step(action_part, action_arm)

# let's teach our agents to do something! hopefully they learn.

part.learn(state['part'], action_part, reward['part’], next_state['part'])

arm.learn(state['arm'], action_arm, reward['arm'], next_state['arm)

# render the environment
gameDisplay.fil(WHITE)
env.render(i_episode)

show_info(total_part_missed, total part_processed)

# updating the display

Pygame.display.update()




clock.tick(60)

if done:

if info['part_missed']:

total_part_missed +=1

draw_rect(GREEN, info['x'], info['y"], info['width'], info['height'])

if info['part_processed']:
total_part_processed +=1
draw_rect(RED, info['x"], info['y'], info['width'], info['height'])
# finish this episode

break

# update state and action
state = next_state
action_part = part.greedy_action(state['part], epsilon)

action_arm = arm.greedy_action(state['arm'], epsilon)

arm.set_policy()

part.set_policy()

# to save the policy




arm.save('_arm_5")

part.save('_part_5')
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