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Abstract

The advancement of Industry 4.0 has led to the design of various control meth-
ods for the autonomous navigation of robots. While many works rely on Simulta-
neous Localization and Mapping (SLAM) or path planning systems for trajectory
tracking, there are limitations when real-time obstacle avoidance and parameter
reconfiguration are required. However, with the recent advancements in machine
learning algorithms, new possibilities have emerged across various fields, includ-
ing autonomous navigation systems. This has led to significant developments in
the field, paving the way for innovative approaches and solutions. Our project thus,
aims bring that development up and diversify it, by joining autonomous navigation
system with other tasks. For this final year college project, we have decided to
bring autonomous navigation system with material handling system. We have de-
cided to make a forklift and have a demonstration of it working is a miniaturize
factory warehouse. For the environment we have choose a place with boundaries
and have workload. These workloads are to be carried to a designated place as
marked by the computer program. For this project we have decide to use a camera
only. Here in our project we have designed our own ML model along with other
subsidiary model and will train them as well to complete our stated task.
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Chapter 1

INTRODUCTION

1.1 Background

Machine learning is one of the fastest growing disciplines in engineering and tech-
nology, and has taken world by storm, we are seeing it adaptation in majority of
field in the science and technologies as well as in other field that requires for prob-
lem solving. The transformative potential of machine learning rivals the game-
changing impact the internet had in the late 20th and early 21st centuries.

Machine learning can be defined as a wide range of algorithms and techniques
that allow computers to detect pattern in the data provides as inputs to the model
and learn through those patters to make accurate prediction and through the appli-
cation of those predictions make decisions without needing to be explicitly pro-
grammed. Talking about robotics now, we are more than aware that the today’s
robots are capable of delivering more to us in the field of general robotics, then
they are actually delivering us, this is due to the fact that we have not been able
to program them effectively enough for this purpose, and its simply because it is
very hard to program them to do it, even the simple task that we take for granted
is actually very hard to program for robots. This is where machine learning can
help us with this problem by getting a software update in the field of robotics.
Not only will the machine learning enable robots to perform complex tasks, but
also enabling it to interact with the environment and solve problem that required
at least a human level intelligence that include perception, learning, reasoning, and
decision-making. This will allow robots to become more versatile, flexible, ac-
curate, precise and efficient in carrying out various tasks, ranging from industrial
automation to healthcare, transportation to scientific exploration, and even in do-
mestic applications. Through machine learning techniques, robots can acquire new
skills and knowledge, enabling them to handle complex situations and tasks that
were previously difficult or impossible for them to accomplish. This learning abil-
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ity also allows robots to adapt to different environments and perform tasks with
higher precision and efficiency. Furthermore, it empowers robots to interpret and
comprehend their surroundings utilizing a multitude of sensors including cameras,
depth sensors, and touch sensors. These sensors furnish data that can be analyzed
using AI techniques, enabling robots to identify objects, traverse through different
environments, and engage with humans and other robots in a manner that is more
instinctive and seamless. The integration of Machine learning in robotics will lead
to significant advancements in the development of autonomous robots, capable of
operating without constant human supervision. These robots can perform tasks in
complex and dynamic environments, making them valuable in fields such as man-
ufacturing, logistics, and exploration. They can also assist in healthcare settings,
providing support to doctors and nurses, and even in everyday life as personal as-
sistants or companions.

1.1.1 Supervised Learning

When a collection of n number of data points are fed to a model with each inputs
mapped to an known output as follows:

{(x1,y1), ...,(xn,yn)},

where xi is an input object and yi is an known output for each x, the supervised
learning is a technique to find a function y = f (x) that makes use of these known
data points and determines a relationship among these variables which can be used
to predict or guess outputs y for new sets of inputs x not included in those data
points previously fed into the model.

In robotics, supervised learning, including regression and classification tasks,
is prevalent. In regression, the output is continuous, while in classification, it’s
categorical. This is evident in robotics, where imitation learning, a form of super-
vised learning, is used to emulate expert behavior based on input states and desired
actions. Classification is also prominent in robotic computer vision, aiding in dis-
tinguishing between various objects or classes within images.

1.1.2 Loss function

In supervised learning scenarios, a metric referred to as a loss function is employed
to assess and contrast potential models f (x) aimed at accurately representing the
data. Several loss functions are available for supervised learning tasks, with some
of the most prevalent being the l2 and l1 loss functions for regression, and the 0-1
loss and cross-entropy loss functions for classification.
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1. The l2 loss function is defined by:

L =
1
n

n

∑
i=1

( f (xi)− yi)
2 (1.1)

In this loss function, the sum extends over a set of data points (xi,yi). It’s
apparent that the penalty stems from the function f not precisely aligning
with the data at the sampled points. Notably, the penalty is quadratic in re-
lation to this disparity. Consequently, this loss function tends to prioritize
smaller residuals over larger ones, leading to enhanced overall model per-
formance. However, this also renders the l2 loss susceptible to outliers in
the data, diminishing the robustness of the training process.

2. The l1 loss function is defined by:

L =
1
n

n

∑
i=1

| f (xi)− yi| (1.2)

In contrast to the l2 loss, this particular loss function penalizes solely the
absolute value of the residual. Consequently, it treats all residuals with more
uniformity, fostering a training process that is generally more robust and less
susceptible to outliers in the data.

1.1.3 Model Training

In supervised learning tasks where a predefined parametric model, like a linear
model or neural network, is employed, the parameter values can be adjusted to
achieve the best fit to the data, i.e., minimize the designated loss function. This
adjustment process, known as model training, involves optimizing the parameters.
While in certain instances, the optimal parameter set can be determined analyt-
ically, it’s more typical to iteratively search for a favorable parameter set using
numerical optimization methods.

1.1.4 Neural Networks

Awidely utilized parametric model in machine learning is the neural network, also
referred to as themulti-layer perceptron. Neural networks possess distinctive archi-
tectures comprising hierarchical layers of linear and nonlinear functions, endowing
them with formidable function approximation capabilities. Mathematically, neural
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networks are often represented as a sequence of functions:

g1 = f1(w1x+b1)

g2 = f2(w2g1 +b2)

...

y = fK(wkgk−1 +bK)

(1.3)

In this model, the parameters are the weightsw1, ...,wk and biases b1, ...,bk, and
the structure of the model is predefined by the choice of the activation functions
f1, ..., fk and the number of layers k. The intermediate variables g1, ...,gk−1 are the
outputs of the hidden layers, aptly named since they are not the input or the output
of the model.

In each layer, the neural network transforms input data by applying a nonlin-
ear function to a weighted sum of the inputs. These transformed outputs, termed
features, serve as inputs for subsequent layers. Through a series of such transfor-
mations, the neural network learns to extract multiple layers of nonlinear features,
such as edges and shapes, which are then amalgamated in a final layer to make
predictions about more complex objects. Different layers may enact diverse trans-
formations on their inputs. Signals traverse from the initial layer (the input layer)
to the terminal layer (the output layer), potentially traversing through multiple in-
termediary layers (hidden layers). A network earns the designation of a deep neural
network if it encompasses at least 2 hidden layers.

Neural networks are typically trained via empirical riskminimization, a method
predicated on optimizing the network’s parameters to reduce the discrepancy, or
empirical risk, between the predicted output and the actual target values within
a given dataset. Gradient-based techniques, such as back-propagation, are com-
monly employed to estimate the network’s parameters. Throughout the training
phase, neural networks learn from labeled training data by iteratively adjusting
their parameters to minimize a designated loss function. This iterative process en-
ables the network to generalize its predictions to unseen data.

1.1.5 Deep Learning Models

A Deep Learning model comprises a neural network with internal parameters, or
weights, tailored to map inputs to outputs. In Image Classification tasks, the in-
puts typically entail the pixels extracted from a camera image, while the outputs
encompass the feasible categories or classes that the model is instructed to identify.
These categories might range from a vast array of options, such as 1000 different
objects, to a binary choice of just two. To train the model to recognize images,
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numerous labeled examples are repeatedly presented to it. Once the model under-
goes training, it becomes capable of processing live data and furnishing real-time
results. This phase of applying the trained model to new data is termed inference.

DRL, or Deep Reinforcement Learning, represents an end-to-end data-centric
methodology surpassing conventional decision-making approaches for robot con-
trol. Unlike traditional methods, DRL obviates the need for prior assumptions,
manually crafted features, or predefined labels, which could introduce biases along
with errors (Tai et al., 2017; Zeng, 2018). In the traditional method, the robot con-
trol pipelines typically involved sequential modules governed by handcrafted rules,
as depicted in Figure 1.1. This modular approach often leads to information loss,
culminating in sub-optimal performance. Furthermore, the effectiveness of tradi-
tional pipelines is heavily contingent on the rules, the designer’s expertise, and the
specific task at hand.

Figure 1.1: Conventional Robot Control Pipeline(Levine,2021)

1.1.6 Convolutional Neural Networks

The convolution operation unique to Convolutional Neural Networks (CNNs)merges
the input data, often referred to as the feature map, from one layer with a convo-
lution kernel, also known as a filter, to generate a transformed feature map for the
subsequent layer. CNN architectures designed for image classification typically
include an input layer representing the image, a sequence of hidden layers respon-
sible for feature extraction through convolutions, and finally, a fully connected
output layer dedicated to classification tasks.

During training, a CNN dynamically adapts to identify the most pertinent fea-
tures according to its classification objectives. For instance, when tasked with
general object recognition, the CNN would prioritize filtering information about
object shapes. Conversely, when confronted with a bird recognition task, it would
focus on extracting color information specific to birds. This adaptability stems
from the CNN’s learning process, where it discerns through training that distinct
object classes exhibit varying shapes, while different bird species are more likely
to differ in color than in shape.

Convolutional neural networks (CNNs) draw inspiration from biological pro-
cesses, particularly the organization of the animal visual cortex. In biological sys-
tems, individual cortical neurons exhibit responsiveness to stimuli within limited
areas of the visual field, termed receptive fields. These receptive fields of distinct
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neurons partially overlap, collectively spanning the entire visual field. This mim-
icking of biological principles enhances the CNN’s ability to effectively process
visual information, akin to the mechanisms observed in the animal visual cortex.

CNNs require relatively minimal preprocessing compared to other image clas-
sification algorithms. Instead, the network autonomously learns to optimize filters
or kernels through automated learning, as opposed to traditional algorithms where
these filters are manually engineered. This independence from prior knowledge
and human intervention in feature extraction presents a significant advantage.

A CNN typically comprises an input layer, hidden layers, and an output layer.
Among the hidden layers are one or more convolutional layers responsible for per-
forming convolutions. Usually, this involves a layer that conducts a dot product
of the convolution kernel with the input matrix of the layer. The resulting prod-
uct, often a Frobenius inner product, is then subjected to an activation function,
commonly ReLU.

As the convolution kernel traverses the input matrix of the layer, the convolu-
tion operation produces a feature map, which subsequently contributes to the input
of the following layer. This process is followed by other layers such as pooling
layers, fully connected layers, and normalization layers.

In a CNN, the input is represented as a tensor with the following shape:
(number of inputs) × (input height) × (input width) × (input channels)
Upon traversing a convolutional layer, the image transitions into a feature map,

also known as an activation map, with the shape:
(number of inputs) × (feature map height) × (feature map width) × (feature map

channels).
Convolutional layers perform convolutions on the input and propagate the out-

come to the subsequent layer. This process resembles the response of a neuron
in the visual cortex to a specific stimulus. Each convolutional neuron exclusively
processes data within its receptive field.

Pooling layers

Convolutional networks often incorporate both local and/or global pooling layers
alongside traditional convolutional layers. Pooling layers serve to reduce the di-
mensionality of data by amalgamating the outputs of neuron clusters at one layer
into a single neuron in the subsequent layer.

Local pooling involves combining small clusters, with tiling sizes such as 2 ×
2 being commonly utilized. Global pooling, on the other hand, operates across all
neurons of the feature map.

Two prevalent types of pooling are widely used: max pooling and average pool-
ing. Max pooling selects the maximum value from each local cluster of neurons in
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the feature map, while average pooling computes the average value.

Hyperparameters of CNN

Hyperparameters are diverse settings utilized to regulate the learning process. Com-
pared to a standard multilayer perceptron (MLP), CNNs employ a greater number
of hyperparameters.

• Kernel size The kernel refers to the number of pixels processed collectively.
It’s commonly denoted by the dimensions of the kernel, such as 2x2 or 3x3.

• Padding Padding involves adding (usually) zero-valued pixels around the
borders of an image. This ensures that the border pixels are not undervalued
or lost in the output, as they would otherwise only be involved in a single
receptive field instance. The amount of padding applied is typically one less
than the corresponding kernel dimension. For instance, a convolutional layer
utilizing 3x3 kernels would require a 2-pixel padding, meaning one pixel is
added on each side of the image.

• Stride The stride refers to the number of pixels by which the analysis win-
dow shifts during each iteration. A stride of 2 signifies that each kernel is
displaced by 2 pixels from its preceding position.

• Number of filtersAs the depth increases, the size of the feature map tends to
decrease, resulting in layers closer to the input layer typically having fewer
filters, while higher layers may have more. To maintain computational bal-
ance at each layer, the product of feature values and pixel position (va) is kept
approximately constant across layers. Preservingmore information about the
input would necessitate ensuring that the total number of activations (i.e., the
number of feature maps times the number of pixel positions) remains non-
decreasing from one layer to the next.

• Pooling type and sizeMax pooling is commonly employed, frequently uti-
lizing a 2x2 dimension. This practice results in significant downsampling of
the input, thereby reducing processing costs. For larger input volumes, par-
ticularly in lower layers, 4x4 pooling may be warranted. However, increased
pooling diminishes the signal’s dimensionality and may lead to undesirable
information loss. Typically, non-overlapping pooling windows yield opti-
mal results.

A Convolutional Neural Network (CNN) is a specialized form of neural net-
work that autonomously learns to extract features through the optimization of fil-
ters or kernels. In a traditional fully-connected layer, processing an image of 100
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× 100 pixels would necessitate a vast number of weights, around 10,000 for each
neuron. Conversely, by employing cascading convolutional kernels, merely 25
neurons suffice to handle 5x5-sized portions of the image. As the network pro-
gresses through layers, it discerns higher-level features from broader contextual
windows, contrasting with the narrower focus of lower-level features. CNNs are
also referred to as Shift Invariant or Space Invariant Artificial Neural Networks
(SIANN), owing to their architecture where convolution kernels or filters, with
shared weights, traverse input features, yielding translation-equivariant responses
termed feature maps.

1.1.7 Activation function

An activation function within an artificial neural network computes the output of
a node by considering its inputs along with their respective weights. Nonlinear ac-
tivation functions are pivotal as they enable solving complex problems efficiently
with only a handful of nodes. Contemporary activation functions encompass var-
ious options such as the smoothed variant of ReLU, GELU, prominently featured
in the 2018 BERT model. Additionally, the logistic (sigmoid) function, as utilized
in the 2012 speech recognition model by Hinton et al., and the ReLU function, em-
ployed in the 2012 AlexNet computer vision model and subsequently in the 2015
ResNet model, are among the notable choices.

Comparison of activation functions

Beyond their real-world effectiveness, activation functions possess a variety of
mathematical attributes. These characteristics encompass properties such as smooth-
ness, differentiability, monotonicity, range, and their suitability for optimization
procedures. These features influence the stability of training, the preservation of
information flow order, the range of output values, and the network’s ability to
learn and generalize. Moreover, the mathematical properties of activation func-
tions impact convergence rates and the occurrence of gradient-related challenges
during training. Hence, comprehending these properties is crucial for selecting an
appropriate activation function tailored to the specific demands of a neural network
architecture and the task it’s designed to solve.

• Nonlinear When the activation function exhibits non-linearity, a two-layer
neural network can be demonstrated to act as a universal function approxima-
tor, a principle known as the Universal Approximation Theorem. However,
the identity activation function fails to fulfill this criterion. In cases where
multiple layers employ the identity activation function, the entire network
simplifies to the equivalence of a single-layer model.
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• Range

When the activation function’s range is finite, gradient-based training meth-
ods typically exhibit greater stability. This is because pattern presentations
exert a significant influence on only a limited subset of weights. Conversely,
when the activation function’s range is infinite, training tends to be more ef-
ficient as pattern presentations affect a larger proportion of weights. In such
cases, smaller learning rates are usually required to ensure stable conver-
gence.

• Continuously differentiable

This characteristic is highly sought after as it facilitates gradient-based opti-
mization methods. Despite ReLU’s lack of continuous differentiability and
certain gradient-based optimization challenges, it remains feasible. Con-
versely, the binary step activation function lacks differentiability at 0 and
differentiates to 0 for all other values, rendering gradient-based methods in-
effective.

The most prevalent activation functions can be categorized into three main groups:
ridge functions, radial functions, and fold functions.

Ridge activation functions

Ridge functions are multivariate functions that operate on a linear combination of
input variables. Commonly utilized examples include:

• Linear activation:
f (x) = x

• ReLU activation:
f (x) = max(0,x)

• Heaviside activation:

f (x) =

0, if x < 0,

1, if x ≥ 0.

• Logistic/Sigmoid activation:

f (x) =
1

(a+ e−x)

In biologically inspired neural networks, the activation function typically serves
as an abstraction representing the rate of action potential firing within a cell. At
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its simplest, this function adopts a binary nature, indicating whether the neuron is
firing or not. Additionally, neurons are constrained from firing at rates exceeding a
certain threshold. This constraint motivates the use of sigmoid activation functions,
characterized by a finite interval range.

Radial activation functions

A special category of activation functions known as radial basis functions (RBFs)
finds application in RBF networks, renowned for their exceptional efficiency as
universal function approximators. These activation functions come in various forms,
but they typically manifest as one of the following functions:

• Gaussian
• Multiquadratics
• Inverse multiquadratics
• Polyharmonic splines

Folding activation functions

Folding activation functions find extensive usage in pooling layers within convo-
lutional neural networks, as well as in the output layers of multiclass classification
networks. These activations execute aggregation operations over the inputs, which
may involve calculating the mean, minimum, or maximum values. Particularly in
multiclass classification tasks, the softmax activation function is frequently em-
ployed. The softmax activation function for a vector y = (y1,y2, . . . ,yk) is defined
as:

softmax(y)i =
eyi

∑k
j=1 ey j

for i = 1,2, . . . ,k.

1.1.8 Computer Vision

Computer vision is a cornerstone of artificial intelligence (AI), empowering com-
puters and systems to glean valuable insights from digital images, videos, and vi-
sual data, thereby facilitating informed actions and recommendations. While AI
fosters computational reasoning, computer vision enables machines to perceive,
observe, and understand visual content. This encompasses a series of steps includ-
ing image acquisition, screening, analysis, identification, and information extrac-
tion.

Computer vision primarily leverages pattern recognition techniques to autonomously
train and comprehend visual data. The proliferation of data availability and the
willingness of companies to share such data have facilitated deep learning experts
in utilizing this wealth of information to enhance the accuracy and efficiency of the
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process. While machine learning algorithms were previously prominent in com-
puter vision applications, deep learning methodologies have emerged as superior
solutions in this domain. Unlike traditional machine learning techniques, deep
learning methods, reliant on neural networks, require labeled data to recognize
common patterns, enabling self-learning and problem-solving capabilities.

Robot vision encompasses a combination of algorithms, cameras, and addi-
tional hardware components designed to provide visual insights to robots. This
capability enables machines to perform intricate visual tasks, such as robotic arms
programmed to manipulate objects on a surface. Visual feedback is crucial for
image and vision-guided robots, significantly enhancing their utility across vari-
ous disciplines. The applications of computer vision in robotics span a wide range
of tasks, including but not limited to various domains, including space robotics,
industrial robotics, military robotics, medical robotics, and warehousing and dis-
tribution.

1.1.9 Warehousing and distribution

Standing all day to sort and pick goods is increasingly viewed as inconvenient and
inefficient in today’s rapidly evolving landscape. As exemplified by industry gi-
ants like Amazon, who acquired Kiva Systems in 2012, significant strides have
been made towards automation in warehouse operations. The introduction of Au-
tonomousMobile Robots (AMRs) enabledAmazon to transport shelves of products
without human intervention, marking a pivotal moment in warehouse automation.

Following Amazon’s lead, other industry players such as FedEx and Ocado
have also embraced AMRs in their operations, albeit in subsequent years. How-
ever, despite these advancements, the automation of warehouse and distribution
processes remains an ongoing endeavor. While the movement of objects between
shelves represents a fundamental challenge in robotics, there is still ample room
for innovation and progress in achieving comprehensive automation within the in-
dustry.

1.2 Problem statement

In this project our focus will be in making an autonomous mobile robot, that will be
powered by our machine learning algorithm and will be taking inputs from the help
of computer vision. We will deploy this mobile robot as a worker in an inventory
transport system where it will transport packages from one place to designated
through self- navigation and do some other inventory transport related work which
will unfortunately depend upon the processing power, we will have in our hand due
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to budget restriction.
The majority of problem that existing in this project are basically designing and

deploying of the reinforcement learning model working on an underpower hard-
ware. The goal is to get a balance between the power of the modal versus the
capability of the hardware.

1.3 Objectives

1.3.1 Main objective

The primary goal of this project is to design and construct an autonomous mobile
robot. Additionally, we aim to develop and implement a machine learning algo-
rithm to facilitate the successful completion of this project.

1.3.2 Specific objective

• To model and fabricate an autonomous mobile robot.

• To design and deploy a machine learning algorithm.

• To demonstrate the effectiveness of the system.

1.4 Limitations

The following limitation are within this project:

1. The amount of complexity our model can handle, as training a larger model
will not be possible due to our computation limitation.

2. The number of things we can add to our automation task is limited due to
the processing power we have, limiting us to only demonstrate task that we
could optimize.

3. Our model cannot move continuously due to inavailability of higher resolu-
tion camera due to budget constrain. We had to stop our robot model at every
position to take an clear image of the surroundings and process it. While tak-
ing picture continuously moving our robot, we got blurred image which was
one of the problem.
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Chapter 2

LITERATURE REVIEW

2.1 Autonomous navigation

2.1.1 Traditional system

In traditional robot navigation systems, there are typically three key elements: map-
ping, localization, and path planning (refer to Figure 2.1). The mapping system
is responsible for creating a global map of the unknown environment. This is
commonly done using techniques such as Simultaneous Localization and Mapping
(SLAM), or sometimes humans manually create the map using data from ranging
and visual sensors (Ruan et al., 2019; Zhu, K. & Zhang, T., 2021). The path plan-
ning module comprises both global and local planners. The global planner offers a
point of reference to the local planner, which then uses them to devise the optimal
trajectory for navigation tasks, such as reaching a target while avoiding obstacles.
The efficacy of the planning module relies on precise mapping, accurate localiza-
tion, sensor data, and knowledge of the target position to determine the best path.
(Tsai et al., 2021).

Figure 2.1: Conventional mobile robot navigation framework(Zhu, K. & Zhang,
T., 2021)

In conventional system of map-based navigation systems, pose estimation and
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mapping are crucial for monitoring the operation of the planning and control sys-
tem computationally. While this approach ensures the utilization of an optimal
path with the availability of a global map, it also presents several restraints and
challenges. The contriving and updating of the environment map require signifi-
cant computational resources, especially if performed dynamically, necessitating
dense and precise laser sensors like those used in SLAM. Moreover, this process
is vulnerable to sensor noise, adding complexity to the task. Alternatively, manual
map construction is labor-intensive, time-consuming, and may require specialized
resources, limiting its applicability in dynamic or unexplored environments (Tai et
al., 2017; Zeng, 2018).

The conventional system of navigation framework consists of several critical
elements, each deserving individual research attention. However, the integration
of these elements can amplify computational errors, resulting in less-than-optimal
performance (Zhu, K. & Zhang, T., 2021).

Figure 2.2: Macine learning navigation approach(on-line)

In recent years, there has been a notable focus on the development of au-
tonomous navigation control systems for mobile robots. The map-less approach
offers a solution by removing the necessity for global map information, thus re-
ducing the reliance of the navigation system’s effectiveness on the quality of the
global map. Instead, the method used directly associates sensor data and relative
destination positions with robot actions, predominantly leveraging neural networks
(as illustrated in Figure 2.2). Additionally, the map-less approach demonstrates ro-
bust learning capabilities with decreased dependence on sensor accuracy.

Autonomous navigation control systems predominantly rely on two method-
ologies: LiDAR-based and vision-based methods. Both methods involve captur-
ing environmental data using their respective sensors and then utilizing Neural Net-
works for establishing the mapping between the images captured by the vision sen-
sors or the point cloud data and robot actions. This enables robots to navigate in
an unexplored environments without the need for global map information (Tsai et
al., 2021). However, in the absence of a global map, determining the optimal route

14



for navigation becomes significantly challenging. Hence, the map-less approach
is commonly employed for tasks such as obstacle avoidance, where no specific
destination is specified, or in scenarios where the robot’s local coordinate frame
provides the known destination for local navigation tasks (Xie, 2020).

It’s worth noting that in recent years, several studies have emerged wherein re-
searchers achieve the relative positioning of the robot and the target object without
relying on a global map. This is accomplished using lightweight localization so-
lutions such as WiFi, leading to what is referred to as ”map-less” navigation (Zhu,
K. & Zhang, T., 2021).

2.1.2 Different ML model system deployed for navigation

Reinforcement Learning (RL) is amachine learning approachwhere an agent learns
optimal behaviors by interacting with its environment, using trial-and-error meth-
ods or making sequential decisions (Sutton, R. S. & Barto, A. G., 2018). This type
of approach is the one of the kind where the agent learns the appropriate actions to
take to achieve a specific goal without explicit instructions. This learning process
unfolds through interactions with the agents present in the environment, aiming to
maximize a numerical reward signal, which acts as feedback, guiding the agent into
determining the way to map the particular states to the required type of actions. It’s
worth noting that the agent’s actions can impact not only immediate rewards but
also subsequent or delayed rewards. The distinctive feature of RL lies in the agent’s
capacity to learn through different the way to behave through different trial and er-
ror over the course of time during training period, optimizing for both immediate
and delayed rewards (Sutton, R. S. & Barto, A. G., 2018).

The primary objective of this type of machine learning approach is for the agent
to learn an optimal policy to achieve its objective while maximizing cumulative re-
wards. Unlike supervised and unsupervised learning approaches, RL is particularly
well-suited for interactive problems, relying on learning from interactions. It finds
extensive applications in complex tasks such as robot control, where solutions are
determined through exploration and interaction with the environment, given the
challenge of high dimensionality and the unavailability of optimal trajectories or
solutions.

Apart from the agent and environment, an RL system comprises eight main
elements: state St , action At , reward Rt , policy π, value function V(st), reward
discount factor γ , state transition probability matrix Pss′ , and exploration rate ε .
The basic learning process of RL involves the agent performing actions At based
on the current strategy at state St at time t, subsequently transitioning to state St+1

at time t + 1, and obtaining reward Rt+1 at time t. Observations, states, actions,
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and rewards are obtained through sampling. The optimal strategy is derived from
the value function, which can be utilized to guide robot manipulation.

Figure 2.3: The learning process of robot based on RL(Ameer Hamza,2022)

2.2 Machine Learning approaches for autonomous
navigation

In autonomous navigation, a mobile robot operates without relying on pre-built
maps, such as those generated through SLAM (Simultaneous Localization and
Mapping). This approach, known as reactive navigation, involves determining the
navigation decisions that relies upon some crucial information extracted from the
environment by processing a series of data obtained from ranging or vision sen-
sor, without needing to have the prior knowledge of the environment (Chatterjee,
A. et al., 2013). As the mobile robot relies solely on current sensor observations,
autonomous navigation based on this type of approach primarily addresses the chal-
lenge of obstacle avoidance, that is essential for safe and efficient navigation. Ad-
ditionally, he robot will navigate towards the local target, if a goal is provided in
the local coordinate frame of the robot by the path planner, the robot will navigate
towards the local target; otherwise, it will traverse through accessible regions (Xie,
2020).

Implementing autonomous navigation brings about various benefits in the field.
For instance, it bypasses the laborious task of map construction and eliminates the
necessity for detailed laser mapping of the working place (Zhang, P. et al., 2019a).
Autonomous navigation often relies on either vision or ranging sensor-based sys-
tems, each with its unique focus. Ranging sensor-based systems directly gauge dis-
tances between objects and the robot in an environment using sensor data. This can
be achieved through techniques like edge detection, potential field, and dynamic
windows-based methods. On the other hand, obstacle detection using vision poses
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more difficulties and continues to be a focal point for researchers interested in this
domain (Xie, 2020).

2.2.1 Vision based technology for mobile robots

In various positioning techniques and methods, accurately determining both the
orientation and position of a vehicle poses a common challenge. Landmark-based
andmap-based positioning techniques, as discussed earlier, form the foundation for
vision-based positioning. Vision-based positioning utilizes optical sensors, such as
laser-based range finders and photometric cameras equipped with CCD arrays (M.
Baba and K. Ohtani, 2002), instead of relying on other types of sensors. These op-
tical sensors provide a wealth of information about a mobile robot’s surroundings,
making them a valuable source of data for positioning tasks. However, extract-
ing meaningful features from visual data to obtain positioning information is not a
simple task and remains an active area of research.

Visual sensors indeed offer a rich source of information about a mobile robot’s
surroundings, making them highly valuable for various applications. However,
extracting precise positioning information from observed features in visual data
presents significant challenges due to the complexity of visual data analysis. As a
result, researchers have devoted considerable attention to overcoming these chal-
lenges, leading to the development of various techniques. These techniques can be
broadly categorized into three main categories:

• Environment representations: Techniques focusing on representing the en-
vironment in a suitable format for processing and analysis, such as feature
extraction and scene modeling methods.

• Algorithms for image localization: Approaches dedicated to accurately lo-
calizing objects or landmarks within images, which often involve object de-
tection, image segmentation, and geometric transformations.

• Sensing procedures: Methods aimed at optimizing the sensing process it-
self, including sensor calibration, fusion of multiple sensor modalities, and
adaptive sensing strategies.

These categories encompass a wide range of techniques aimed at improving the
accuracy and robustness of vision-based localization for mobile robots.

Localization techniques typically yield either absolute or relative position data,
with the specific results and information varying based on factors such as the type
of sensor utilized, the geometric models employed, and how the environment is
represented (T. Lu & C. Tien-Hsin). Additionally, various forms of geometric data
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about the surroundings can be provided, including landmarks, object shapes, or
environment maps in either 2-dimensional or 3-dimensional formats.

Vision sensors, whether singular or multiple, play a crucial role in recogniz-
ing image features or areas and comparing them with stored images or maps in
memory. Moreover, landmarks, object models, and maps should offer discernible
information that can be easily detected or identified. In a broader sense, ”position-
ing” in mobile robots encompasses determining both the position and orientation
of a mobile robot or sensor.

Monocular Vision System

A monocular vision system consists of a single camera mounted on the robot to
capture images of its surroundings. Pre-calibration of the camera is necessary to
enable feature extraction from the captured images. Common methods used in
monocular vision systems include edge detection and color detection, which aid in
distinguishing objects or obstacles in the image.

In a monocular vision system, the robot typically needs to move to two dif-
ferent points to obtain a single three-dimensional piece of information about an
object (A. Ohya et al., 2001). Alternatively, multiple cameras can be configured in
a monocular vision setup, where the fields of view may not overlap or may overlap
only slightly. However, monocular vision alone does not provide inherent three-
dimensional information and cannot precisely determine the position and distance
of objects. Additionally, monocular vision systems may be susceptible to distur-
bances, leading to incorrect interpretations and calculations of visual data.

Despite its advantages, implementing a monocular vision system presents chal-
lenges due to the need for precise alignment of cameras, which may require ex-
pert techniques or high-precision machinery, potentially leading to high costs (S.
Lecorné et al.).

Figure 2.4: Monocular vision (A. Ohya et al.,2001)
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2.2.2 Deep learning for navigation

Deep Reinforcement Learning (DRL) has emerged as a crucial research area that
is gaining a lot of attention in control systems, in the field of robotics, enabling
the acquisition of policies control by the processing and modelling of raw input
data. Over recent years, DRL has found application in various domains, including
robotic in-handmanipulation, complex locomotion behaviors in rich environments,
autonomous navigation, and self-driving cars.

In the context of autonomous navigation formobile robots, classical approaches
typically involve three main elements: localization, map building, and path plan-
ning. Localization often relies on dense laser sensors like LiDAR for precise map-
ping and Simultaneous Localization and Mapping (SLAM). Nevertheless, such
methods can be time-consuming and costly due to the requirement for precise sen-
sor data.

One challenge with current RL methods is the need for collecting a large num-
ber of samples or experiences from the environment, which can be impractical
in real-world scenarios. To address this, the robots are often trained initially in
simulated environments and after thoroughly testing and validating the model in
simulation, when the simulated model is up and running as expected, the model is
then transferred to real robots.

Alternatively, supervised reinforcement learning can be used, where a smaller
dataset is prepared, potentially reducing costs associated with simulation. How-
ever, both approaches have their limitations and trade-offs, including considera-
tions of effectiveness, scalability, and generalization to real-world environments.

2.2.3 Vision based approaches

Xie et al. (2017) conducted a study where they utilized a single RGB images
that was captured from a monocular camera, along with depth prediction obtained
through a FCRN, as an input data. They trained their robot model initially in the
Gazebo simulator environment and later validated it in the real world scenario uti-
lizing a Turtlebot robot, without requiring additional training. They deliberately
corrupted predicted depth images with random noise and blur to improve the trans-
ferability and generalization of their model,

Furthermore, the authors introduced an end-to-end dueling deep double-Q net-
work (D3QN) approach. This architecture took a stack of four depth images as
an input and generated linear and angular velocities from the discrete action space,
facilitating the avoidance of obstacle and efficient navigation around the trained en-
vironment. The robot operated autonomously without a specific goal, navigating
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through traversable areas while avoiding obstacles. The study aimed to demon-
strate the effectiveness of their proposed approach in real-world scenarios.

In addition to the comparison with the DDQN and DQN models, the D3QN
model showcased superior training efficiency and performance inXie et al.’s (2017)
study. Similarly, Ruan et al. (2019) conducted research with a methodology akin
to Xie’s work. However, instead of performing depth prediction initially, they uti-
lized a Kinetic sensor to aquire RGB and RGB-D image data which were fed to the
model for training the robot. This demonstrates the versatility of different sensor
modalities in training autonomous navigation systems.

Tran & Ly (2020) and Chaffre et al. (2020) applied the Soft-Actor Critic (SAC)
reinforcement learning algorithm for depth image-based autonomous mobile robot
navigation in an unexplored environments. Their objective was to reach a given
target or waypoint without prior map information, employing a continuous action
space. 10 depth values information obtained from the image were utilized to sim-
ulate a laser system, as well as the last action, serving as the state observation in
their studies.

In the work of Tran & Ly (2020), the primary focus was on devising a cost-
effective solution for autonomous navigation by employing only a monocular cam-
era to replace laser-finding sensors, complemented by Monocular Depth Estima-
tion. Rather than utilizing the entire depth image, only 10 values were sampled
from the middle row of the image. The study proceeded to compare the perfor-
mance of using lasers with a monocular camera in two distinct scenarios. How-
ever, it’s worth noting that all experiments were conducted solely in simulation,
with limited extensive evaluation in real-world settings.

In contrast, Chaffre et al. (2020) opted to utilize depth images directly obtained
from the Intel RealSense D435 sensor. Their study embraced an incremental ap-
proach, wherein the agent underwent training in 3 distinct environments with es-
calating complexity. Additionally, data from the depth sensors were stacked to en-
hance performance. Then after collecting data, training occurred within the ROS-
Gazebo simulator environment which subsequently underwent real-world testing
using the WIFI Bot Lab v4 mobile robot. Despite employing incremental train-
ing and observation stacking, the authors found that the best success rate attained
was only 47%, underscoring the inherent limitations of utilizing RL techniques in
conjunction with depth sensors for autonomous navigation.

Ma et al. (2019) adopt a distinctive strategy by directly employing RGB images
as the visual input for autonomous navigation tasks. Although RGB images are
widely used, they are often underutilized directly in navigation due to challenges
such as sample inefficiency, simulation-reality disparities, and limited generaliz-
ability.
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To address these challenges, Ma et al. (2019) proposed a solution leverag-
ing Variational Autoencoder (VAE). Their method involves using a VAE encoding
images to extract visual features and generating a low-dimensional latent vector.
This latent vector, along with target and motion information, serves as input for the
motion planner to train the network and generate continuous velocity commands.
This strategy effectively separates the input visual features from the Deep Rein-
forcement Learning (DRL) network, mitigating issues of sample inefficiency and
limited generalizability often encountered when directly employing RGB images
for navigation tasks.

The paper begins by setting up a guigeline using an end-to-end deep learning
networks without decoupling. In this configuration, RGB image inputs undergo
convolutional layers for downsampling, and the model is trained using both Deep
Q-Network (DQN) and Proximal Policy Optimization (PPO) algorithms. After
training, the performance of both models is evaluated, and PPO demonstrates sig-
nificantly better performance compared to DQN. Therefore, PPO is selected as the
superior model for further comparison and experimentation.

The evaluation of the proposed approach, which combines Variational Autoen-
coder (VAE) with the benchmark Deep Reinforcement Learning (DRL) algorithm
(PPO), demonstrates promising results. Specifically, the findings indicate that only
a quarter of the sampled data were necessary to get to the comparable performance
of the end-to-end approach when utilizing Variational Auto Encoders with DRL.
This significant reduction in the number of samples required highlights the effec-
tiveness of the proposed method in enhancing sample efficiency and overcoming
the challenges associated with using RGB images directly for navigation tasks.

21



Chapter 3

METHODOLOGY

Figure 3.1: Process flowchart

3.1 Design and fabrication phase

In this phase, we carried out the mechanical portion of our project. We started with
the design of an autonomous mobile robot first, then we designed our path and task
structure, after this we started the fabrication process, the component was chosen
as per the requirement with the economic constrain in mind.

The robotic vehicle made for this demonstration is non-holonomic twowheeled
differential drive robot which has two actuators one for each wheel. Thus the robot
has a total of 3 degree of freedom excluding the belt and pulley mechanism to lift
loads which makes a total of 4 degrees of freedom. That is the robot can move
forward or backward in one direction and can rotate clockwise and anticlockwise
and hence 3 degrees of freedom and from the lifting mechanism we get one degree
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of freedom which makes it a total of 4. Each wheel are actuated by a DC geared
motor with gear ratio of 1:90 and a wheel radius of 75 cm.

3.1.1 Differential Drive Control

Mathematical modeling of mobile kinematics plays a crucial role in control system
design for robots. The kinematic model is responsible for transforming the velocity
of the robot into a generalized coordinate vector. This transformation is achieved
through the following equation:ẋ

ẏ

ż

=

cosθ
cosθ

0

v+

0
0
1
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Figure 3.2: Parameters of mobile robot

The velocity of the robot can be obtained from the velocity of each wheel using
the following equation:

v =
r(ωR +ωL)

2
(3.2)

ω =
r(ωR −ωL)

L
(3.3)

H-Bridge

An H-bridge employs two pairs of transistors, typically MOSFETs, to regulate the
direction of current flow through the motor. By altering the direction of current
flow, achieved by reversing the voltage across the motor terminals, the rotation di-
rection can be changed. Utilizing PWM control, brushed motors can be effectively

23



controlled for both speed and direction. This is facilitated by pulsing the MOS-
FETs to drive the motor. Additionally, four diodes are incorporated into H-bridge
designs to safeguard against voltages generated by the motor during operation.

Figure 3.3: H-Bridge Circuit

1. Directional Control

To rotate the motor in one direction, two of the FETs must be activated in
themanner depicted in Figure 3.4. This configuration enables current to flow
through the motor, thereby initiating motion.

Figure 3.4: Direction Control(a)

To rotate themotor in the opposite direction, the complementary pair of FETs
is activated (while the others are deactivated), resulting in the reversal of
current flow. This configuration is illustrated in Figure 3.5:
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Figure 3.5: Direction control(b)

2. Braking

To halt the motor’s rotation, all FETs are deactivated, effectively disconnect-
ing the motor from the power source. However, due to the motor’s inertia, it
will gradually decelerate until it comes to a complete stop. For an immediate
stop, a matching voltage can be applied to both sides, a technique known as
braking, depicted in Figure 3.6.

Figure 3.6: Braking

3.1.2 Stepper Motor Control

A stepper motor is a form of brush-less DC electric motor that divides a full ro-
tation into a series of uniform steps. Each step corresponds to a distinct angular
movement, enabling precise control over the motor’s position. Stepper motors can
be directed to move to a specific step or rotate continuously. This control mecha-
nism eliminates the necessity for costly sensing and feedback devices like optical
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encoders. Instead, the position is determined by tracking the input step pulses.
Stepper motors are renowned for their versatility in positioning systems, as they
can be digitally controlled as part of an open-loop system. Compared to closed-
loop servo systems, they are typically simpler and more robust.

Fundamentals of operation:

When a coil winding is energized, it generates an electromagnetic field character-
ized by a north and south pole. This magnetic field induces magnetization in the
rotor, causing it to align itself with the magnetic field. The principle of magnetic at-
traction dictates that unlike poles attract each other, thus facilitating the alignment
of the rotor with the magnetic field.

By manipulating the direction of the magnetic field, rotation of the rotor can
be induced. This manipulation can be achieved by altering the direction of current
flow through the coil winding, thereby changing the orientation of the electromag-
netic field and consequently prompting rotational motion in the rotor.

Figure 3.7: Single phase stepping

Figure 3.7 illustrates a typical step sequence for a two-phase motor. In Step 1,
phase A is energized, locking the rotor in the depicted position. In Step 2, phase A
is deactivated, and phase B is activated, causing the rotor to rotate 90° clockwise.
In Step 3, phase A is reactivated with reversed polarity, and in Step 4, phase B
is activated with reversed polarity. This sequence completes a full revolution of
the rotor. Repetition of this sequence results in the rotor rotating clockwise in 90°
increments. This method is known as ”one phase on” stepping.
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Figure 3.8: Dual phase stepping

Figure 3.8 depicts a more common ”two phases on” stepping method, where
both phases are continuously energized. In this stepping mechanism, the rotor
aligns itself between the poles created by the energized phases. This approach
provides 41.4% more torque compared to ”one phase on” stepping but necessitates
twice the input power.

We can increase the turning force by combining both single phase stepping and
dual phase stepping which is called half stepping as illustrated by figure 3.9.

Figure 3.9: Half Stepping
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Table 3.1: Control sequence for half stepping of stepper motor

1 2 3 4 5 6 7 8
Coil 1 Pin 1 1 1 0 0 0 0 0 1
Coil 2 Pin 2 0 1 1 1 0 0 0 0
Coil 1 Pin 3 0 0 0 1 1 1 0 0
Coil 2 Pin 4 0 0 0 0 0 1 1 1

Torque-speed characteristics of 28BJY stepper motor

The torque with varying speed for 28BJY stepper motor can be determined using
the following graph as shown below in figure 3.10.

Figure 3.10: Torque speed characteristics(arduino forum)

3.1.3 Mechanical Calculation

We’ve employed timing belts to transfer torque and motion from a driving pulley
to a driven pulley within a power transmission drive. Additionally, we’ve utilized
them to convey force to a positioning platform of a linear actuator from a stepper
motor.

In the operation of a belt drive under load, a disparity in belt tensions arises
between the entering (tight) and leaving (slack) sides of the driver pulley. This
disparity is termed effective tension, denoted as Te, and it signifies the force trans-
mitted from the driver pulley to the belt.

Te = T1 −T2 (3.4)
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where T1 and T2 are the tight and slack side tensions, respectively.
The driving torque M is given by:

M = Te

(
d
2

)
(3.5)

where d is the pitch diameter of the driving pulley.
The effective tension generated at the driver pulley represents the actual work-

ing force responsible for overcoming the overall resistance to belt motion. It’s
imperative to identify and quantify the collective sum of individual forces acting
on the belt, which collectively contribute to the effective tension required at the
driver pulley.

Figure 3.11: Power transmission and rotary positioning(GatesMectrol, April 2001)

In power transmission drives (as depicted in Figure 3.11), the resistance to mo-
tion arises at the driven pulley. The force transmitted from the belt to the driven
pulley equals Te. The expressions for torque requirement at the driver can be for-
mulated as follows:

M1 = Te

(
d
2

)
=

M2

η
d1

d2
(3.6)

where M1 is the driving torque, M2 is the torque requirement at the driven pul-
ley, P2 is the power requirement at the driven pulley, ω1 and ω2 are the angular
speeds of the driver and driven pulley respectively, d1 and d2 are the pitch diame-
ters of the driver and driven pulley respectively, and η is the efficiency of the belt
drives (η = 0.94 - 0.96 typically).

From figure 3.10, we find that the pull in torque for the stepper motor driven
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at 8 Volts at half stepping of 600 is 1050 gfcm.

M1 = 1050gfcm

= 0.103005Nm

Then for the pulley of diameterical pitch 10.186mm directly coupled with the
shaft of stepper motor, effective tension can be calculated using equation 3.6 as:

Te =
2M1

d1

=
2×0.103005
10.186×10−3

= 20.225N

Now the torque at the driven pulley (d2 = 12.73mm) is given by equation 3.6 as:

M2 =
M1 ·η ·d2

d1

=
0.103005×0.95×12.73×10−3

10.186×10−3

= 0.1223Nm

The torque M2 is then transmitted to the linear positioner which is responsible
to lift and carry the load which can be illustrated by figure 3.12
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Figure 3.12: Vertical linear positioner(Gates Mectrol, April 2001)

n a linear positioner, the primary load is exerted on the positioning platform,
also known as the slider. It encompasses several forces, consisting of acceleration
force Fa that results from linear acceleration of the slider, frictional force of the
linear bearing, Ff , external force, Fw, weight of the load along with slide and fork
Fg, inertial forces to accelerate belt, Fab, and the force exerted on the idler pulley
due to rotation, Fai.

Te = Fa +Fw +Fg +Ff +Fab +Fai (3.7)

The individual components of Te is given by:

Fa = ml ·a (3.8)

where ml is the mass of the load being lifted and a is the linear acceleration rate of
the slider.

Fg = ml ·g (3.9)

Ff = µ ·ml ·g (3.10)
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Fab =
wb ·L ·b

g
·a (3.11)

where µ is the dynamic coefficient of friction of the linear bearing, L is the
length of the belt, b is the width of the belt, w is the specific weight of the belt and
g is the gravity.

Fai =
2 ·α · Ji

d
(3.12)

where Ji is the inertia of the idler pulley, α is the angular acceleration of the idler.
For the linear positioner, the effective tension Te for a pulley of diametrical

pitch 12.73mm can be calculated as using equation 3.4 as:

Te =
2M2

d1

=
2×0.1223

12.73×10−3

t = 19.2145N

Here the load is lifted at constant velocity and hence the linear acceleration is
zero which reduces the term Fa, Fab, Fai to zero. Hence, by taking a factor of safety
of 2 ( fs = 2), the effective tension after incorporating the factor of safety becomes
Te/ fs. Using an equation 3.7 and substituting the Fg and Ff from equations 3.9 and
3.10 respectively, we can calculate the mass of the load that cam be lifted by our
robot as:

Te

fs
= Fg +Ff

Te

fs
= ml ·g+µ ·ml ·g

ml =
fse

fsg(1+µ)

=
19.2145

2×9.81(1+0.003

= 0.975kg

Therefore, the robot designed in case of our project can lift up load up to
0.975kg with a factor of safety of 2.
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3.1.4 3D Robot Model

Figure 3.13: Robot Model (Top View, Isometric View, Front View, Side View)

3.1.5 Fabricated Model

The robot frame is mostly 3D printed using PLA and the lifting mechanism slides
over a steel rod of 4mmdiameter. The steel rod as well as carbon fiber pipe supports
the top and base frame of the robot.
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Figure 3.14: Top view of Fabricated robot for our project

3.2 Pytorch-based architecture

PyTorch indeed offers a versatile framework for designing deep learning architec-
tures, boasting a rich ecosystem of tools and modules to facilitate model develop-
ment. Leveraging PyTorch enables users to harness its capabilities, including high-
level features like tensor computation akin to NumPy, coupled with robust GPU
acceleration. Additionally, PyTorch offers TorchScript, simplifying the transition
between eager mode and graph mode, enhancing flexibility in model deployment.

Moreover, with the latest PyTorch release, the framework introduces several
advanced features such as graph-based execution, distributed training capabilities,
support for mobile deployment, and model quantization. These enhancements fur-
ther bolster PyTorch’s utility and appeal to researchers and practitioners in the deep
learning community, empowering them to tackle a wide range of tasks efficiently
and effectively.

Indeed, in PyTorch, neural networks are built using layers or modules that
process data. The torch.nn namespace provides a comprehensive set of compo-
nents for constructing these networks. Each module in PyTorch is derived from
the nn.Module class, enabling a consistent and intuitive interface for building neu-
ral network architectures.

A neural network itself is considered a module, which can contain other mod-
ules or layers as its components. This hierarchical organization allows for the cre-
ation of complex architectures by composing simpler building blocks. With this
modular approach, developers can easily design and manage intricate neural net-
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works, facilitating experimentation and innovation in deep learning research and
applications.

The dataset is prepared using a custom dataset class (CustomImageDataset) in-
heriting from PyTorch’s Dataset class. It loads images from specified directories
and applies transformations such as converting images to tensors. Then neural net-
work architecture is defined within a class named Resnet, which inherits from Im-
ageClassificationBase. The model concludes with fully connected layers (linear)
for classification. Then the training loop is defined which implements one-cycle
learning rate scheduling and gradient clipping. The Adam optimizer (opt_func) is
used for parameter optimization, with a specified weight decay for regularization.
At each epoch, the model is trained on the training dataset (train_dl) and evaluated
on the validation dataset (valid_dl). Training progress is monitored, and results are
printed at the end of each epoch. Evaluation metrics such as loss and accuracy are
calculated during both training and validation phases. The evaluate function com-
putes these metrics on the validation dataset. This methodology involves dataset
preparation, defining a CNN architecture with residual connections, training the
model using the one-cycle learning rate scheduling strategy, and evaluating the
model’s performance.

3.2.1 Dataset Preparation

The dataset is prepared using a custom dataset class (CustomImageDataset) inher-
iting from PyTorch’s Dataset class. It loads images from specified directories and
applies transformations such as converting images to tensors.

1 class CustomImageDataset(Dataset):
2 def __init__(self, data_dir, transform=None):
3 self.data_dir = data_dir
4 if data_dir == rf'E:\trainv2\forSL\f':
5 i=0
6 elif data_dir == rf'E:\trainv2\forSL\b':
7 i=1
8 elif data_dir == rf'E:\trainv2\forSL\l':
9 i=2
10 elif data_dir == rf'E:\trainv2\forSL\r':
11 i=3
12 self.transform = transform
13 # Get a list of file names in the data directory.
14 self.file_list = [filename for filename in os.listdir(data_dir)

if filename.endswith('.jpg')]↪→

15 self.dataset = [[self.__getitem__((filename)), i] for filename
in self.file_list]↪→

16 def __len__(self):
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17 return len(self.file_list)
18 def __getitem__(self, idx):
19 img_name = os.path.join(self.data_dir, idx)
20 image = Image.open(img_name)
21 if self.transform:
22 image = self.transform(image)
23 return image
24 def append(self, CustomImageDataset):
25 for value in CustomImageDataset.dataset:
26 self.dataset.append(value)
27

28 transform = transforms.Compose([
29 transforms.ToTensor()
30 ])
31 path1 = rf'E:\trainv2\forSL\f'
32 path2 = rf'E:\trainv2\forSL\b'
33 path3 = rf'E:\trainv2\forSL\l'
34 path4 = rf'E:\trainv2\forSL\r'
35 custom_dataset = CustomImageDataset(path1, transform=transform)

#transform=None to view image↪→

36 custom_dataset2 = CustomImageDataset(path2, transform=transform)
37 custom_dataset3 = CustomImageDataset(path3, transform=transform)
38 custom_dataset4 = CustomImageDataset(path4, transform=transform)
39 custom_dataset.append(custom_dataset2)
40 custom_dataset.append(custom_dataset3)
41 custom_dataset.append(custom_dataset4)

This section of the PyTorch architecture defines a custom dataset class called
CustomImageDataset, which is designed to handle image data for training and eval-
uation of neural network models. Here’s a detailed description of each component:

Initialization Method (__init__):

The __init__ method initializes the dataset with the provided data_dir (directory
containing image data) and an optional transformation (transform) to be applied to
the images. It also assigns a numerical label (i) based on the provided data_dir:
If data_dir corresponds to the directory for front-facing images, i is set to 0. If it
corresponds to the directory for back-facing images, i is set to 1. Similarly, for
left-facing images, i is set to 2, and for right-facing images, i is set to 3. The list
of file names (file_list) in the specified data directory is obtained using os.listdir.
Additionally, the dataset is initialized as an empty list (self.dataset), which will be
populated later with image data and corresponding labels.
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Length Method (__len__):

The __len__ method returns the total number of images in the dataset, which is the
length of the file_list.

Get Item Method (__getitem__):

The __getitem__ method retrieves the image and its corresponding label at a given
index (idx) from the dataset. It constructs the path to the image file using os.path.join
and the provided data directory (data_dir). The image is then opened using PIL’s
Image.openmethod. If a transformation is provided (self.transform), it is applied to
the image. Finally, the transformed image is returned along with its corresponding
label.

Append Method:

The append method allows for the merging of two instances of CustomImage-
Dataset. It iterates over the dataset attribute of the provided CustomImageDataset
instance (CustomImageDataset.dataset) and appends each value to the dataset at-
tribute of the current instance (self.dataset).

Transformation Pipeline:

The transforms.Compose function creates a transformation pipeline by chaining
multiple transformations together. In this case, the only transformation applied is
transforms.ToTensor(), which converts PIL images to PyTorch tensors.

3.2.2 Model Architecture

The architecture typically starts by defining our neural network by subclassing
nn.Module, and initialize the neural network layers in __init__. Every nn.Module
subclass implements the operations on input data in the forward method.

1 def __init__(self):
2 super().__init__()
3 self.conv1 = conv_block(3, 8, pool=True)
4 self.res1 = nn.Sequential(conv_block(8, 8), conv_block(8, 8))
5 self.conv2 = conv_block(8, 16, pool=True)
6 self.conv3 = conv_block(16, 32, pool=True)
7 self.res2 = nn.Sequential(conv_block(32, 32), conv_block(32, 32))
8 self.conv5 = conv_block(32, 64, pool=True)
9 self.classifier = nn.Sequential(nn.MaxPool2d(2),
10 nn.Flatten(),

37



11 nn.Dropout(0.2))
12 self.linear = nn.Sequential(
13 nn.Linear(576, 128),
14 nn.ReLU(),
15 nn.Linear(128, 4))

The provided Python code snippet outlines a convolutional neural network
(CNN) architecture constructed using the PyTorch library. The network, defined
within an initializationmethod, comprises a sequence of convolutional layers (conv1,
conv2, conv3, conv5) with accompanying pooling layers to extract hierarchical
features from input data, designed for image classification tasks. Additionally,
residual blocks (res1, res2) are integrated to facilitate deeper network training by
reducing the vanishing gradient issue. Pooling layers and dropout regularization
are strategically applied to reduce spatial dimensions and prevent overfitting, re-
spectively. The flattened output from convolutional layers is fed into fully con-
nected layers (Linear) for classification. The architecture culminates in an output
layer with a linear activation function, suggesting a multi-class classification task
with four output classes. This neural network architecture demonstrates a blend of
convolutional and residual structures, optimized for handling complex input data
and achieving effective classification performance required for our project.

Resnet

ResNet introduces the concept of residual learning, which allows for the training of
very deep neural networks. In a typical neural network, each layer learns amapping
from its input to its output. In ResNet, instead of learning a direct mapping, each
layer learns a residual function, which is the difference between the input and the
desired output.

Let x be the input to a ResNet block. The output of the block is computed as:

output= F(x)+ x

Where F(x) is the residual function that the block learns to approximate. This
formulation allows the network to learn the identity mapping (where F(x) = 0),
making it easier to optimize and allowing for the training of deeper networks.

Mathematically, the residual function F(x) is typically implemented as a se-
quence of convolutional layers followed by batch normalization and activation
functions, similar to a standard neural network layer.

During training, the network learns the parameters of the residual functions
through backpropagation and gradient descent, adjusting the parameters to mini-
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mize the difference between the output and the desired target.
In our project, our ResNet has following architect in order:

• Convolution Layer

• Residual Layer

• Convolution Layer

• Convolution Layer

• Residual Layer

• Convolution Layer

The neural network archiecture of our model can be illustrated by figure 3.15

Figure 3.15: Neural Network architecture

Starting from the convolution model, we have chosen the kernel size of three,
kernel is a matrix that slides through the input matrix performing element wise
multiplication over the overlapping region and summing them up. It is also known
as filter. We have chosen the padding value as one. Padding refers to the technique
of adding additional layers of zeros around the input data before applying the con-
volution operation. It helps preserve the information at the borders of the input
when applying filters. After this we have used an activation function called relu,
which introduce non linearity in the model which is required bymodel to learn non-
linear function. The relu function return zero for negative value and for positive
value it returns as it is. Finally, then we apply MaxPool2D function which divides
the input into section of size 2*2 and return the max value from the section. This
halves the size of input on to the output. This process is repeated, following the
above architect. For residual block we have choose to use two convolution layer
and disable maxpool2d function and make the number of input channel and output
channel same because we have to add the output of the residual block with input
to the residual block, other are same.
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Activation Function

Commonly used activation functions f1, ..., fk in neural networks include sigmoid
functions, hyperbolic tangent functions, rectified linear units (ReLU), and leaky
ReLU functions.

In our model we used ReLU function:

f (x) = max(0.1x,x)

A rectified linear unit (ReLU) is an activation function that introduces the property
of non-linearity to a deep learning model and solves the vanishing gradients issue.
”It interprets the positive part of its argument.

Figure 3.16: Rectified Linear Units(ReLU)

Training Neural Networks

Neural networks are trained using gradient-based numerical optimization methods.
Once a loss function L is chosen, the gradients L must be computed for each param-
eter. Since neural networks have numerous parameters, this gradient computation
needs to be done efficiently. Backpropagation is the algorithm used for computing
gradients, leveraging the chain rule of differentiation and the layered structure of
the network.

To prevent overfitting, it’s crucial to divide the dataset into training and test
sets and use regularization techniques. Dropout is another method for avoiding
overfitting, where connections in the network are randomly removed during train-
ing, encouraging the network to learn more robust representations. Additionally,
having an extensive dataset can help mitigate overfitting.
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3.2.3 Optimization

The optimization algorithm used is Adam, instantiated with a specific learning rate
(LEARNING RATE = 0.001).

Hyperparameters related to optimization include the learning rate (0.001) used
by the Adam optimizer.

3.2.4 Training

The training process is configured to run for a specific number of epochs (EPOCHS
= 30). The training data is fed to the model using fit generator, which includes hy-
perparameters like the number of steps per epoch and the validation steps. The loss
function used during training is categorical cross entropy. The evaluation metric
used during training is accuracy. Hyperparameters related to training include the
number of epochs (30), the number of steps per epoch, and the validation steps.

3.3 CoppeliaSim: A robot simulator

CoppeliaSim, formerly known as V-REP, is a popular robotic simulator utilized
across industry, academia, and research domains. Its integrated development en-
vironment allows for individual control of objects or models via various methods
such as embedded scripts, plugins, ROS / ROS2 nodes, remote API clients, or cus-
tomized solutions. This versatility makes CoppeliaSim well-suited for multi-robot
applications. Additionally, controllers can be programmed using languages like
C/C++, Python, Java, Lua, MATLAB, or Octave.

Object Properties

In CoppeliaSim objects are of three heading and they are:

• Dynamic object: Position and orientation are affected by gravity, collisions
or other constraints (i.e. joints)

• Static object: Position and orientation are not affected by forces

• Respondable object: It produce a collision reaction with other responsible
object when colliding

And these three heading produce four types of objects:

1. Non respondable dynamic object

2. Respondable dynamic object
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3. Non respondable static object

4. Respondable dynamic object

Figure 3.17: Object Properties

Figure 3.18: Object responses

The properties of an objects are:

• Collidable: The object will be tested for collision against other collidable
objects. This does not imply that the reaction will occur as other object must
be responsible for reaction.

• Detectable: The object will be detected by proximity sensor (sonar, laser
infrared, etc.)

• Renderable: The object will be seen by the vision sensor (processing video
cameras)

• Measurable: The object will be used for minimum distance calculation

And finally, we have shape property for an object that include for its color, tex-
ture and geometry. Object in CoppeliaSim has a hierarchy system. That means that
there are parent object and child object, this helps us to control a system made out
of several object to work together as a system like to perform translate or rotation
operation as operations in top-hierarchy affects the bottom-hierarchy object.
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Figure 3.19: Serial joint hierarchy in CoppeliaSim

Figure 3.20: Multi joint hierarchy in CoppeliaSim

3.3.1 Joints

Joints allowmovement between parent and child objects. The joint child object will
move based on the joint position (angular or linear). Joints can have limits where
their position cannot exceed. For instance, a robot arm has limited positions, while
a mobile robot wheel joint can rotate unlimited. There are three types of joints in
CoppeliaSim and they are:

• Passive: Here the joint position cannot directly be controlled. It can be mod-
ified through code script (API)

• Torque/ Force: Joints position is controlled by the physics engine. It can be
actuated or not and the reference value can be modified through code script
(API)

• Inverse Kinematics: Joints is passive and controlled by the inverse kinemat-
ics module. Hybrid mode allows you to move dynamic objects

• Dependent: joint’s position depends on the position of another joint. It can
move dynamic object using the hybrid mode.
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Figure 3.21: Joint type in CoppeliaSim

3.3.2 Sensor

Proximity sensor

It is used to measure the minimum distance to objects with detectable property
enable. It includes sensor such as ultrasound, infrared, laser etc. there are six types
of detection volumes.

Figure 3.22: Proximity sensor in CoppeliaSim

Vision Sensor

It simulates camera that can be processed and obtains images of renderable object
There are two type of vision sensors orthographic (rectangular) and perspective
(trapezoidal).
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Figure 3.23: Vision sensor in CoppeliaSim

For our project, we initially chose the Pioneer P3DX robot available as a pre-
built option in CoppeliaSim. We placed the robot in the scene area by dragging
and dropping it from the model selection. Next, we created boundaries around
the robot by adding cuboids. We adjusted the dimensions and positions of these
cuboids to form the desired boundary shape. We ensured that the cuboids were
fixed and responsive by configuring their dynamic properties in the scene object
properties dialog.

To equip the robot with sensors, we added a vision sensor and a proximity
sensor. For the vision sensor, we selected a perceptive type from the Add menu and
placed it under the Pioneer P3DX robot. We adjusted its position and orientation
to ensure a clear path for vision sensing. Similarly, we added a proximity sensor
and configured its detectable range in the volume parameter settings.

To set up the Python API for CoppeliaSim, we downloaded the API program
file and added a script to the scene floor. In the script’s sysCall_init() function,
we included commands to initialize the API and start communication on a specific
port.

With these preparations complete, our simulation environment was ready for
testing and development.

The robot was simulated in the CoppeliaSim with the following python script:

1 import sim
2 from time import sleep as delay
3 import numpy as np
4 import cv2
5 import torch as T
6 import torch.nn as nn
7 import sys
8 from PIL import Image
9 import torchvision.transforms as tt

45



10

11 print('Program started')
12 sim.simxFinish(-1)
13 clientID = sim.simxStart('127.0.0.1', 19999, True, True, 5000, 5)
14

15 lSpeed = 0
16 rSpeed = 0
17 if clientID != -1:
18 print('Connected to remote API server')
19 else:
20 sys.exit('Failed connecting to remote API server')
21 delay(1)
22

23 errorCode, left_motor_handle = sim.simxGetObjectHandle(
24 clientID, "/PioneerP3DX/leftMotor", sim.simx_opmode_oneshot_wait)
25 errorCode, right_motor_handle = sim.simxGetObjectHandle(
26 clientID, "/PioneerP3DX/rightMotor", sim.simx_opmode_oneshot_wait)
27 errorCode, camera_handle = sim.simxGetObjectHandle(
28 clientID, '/PioneerP3DX/Vision_sensor',

sim.simx_opmode_oneshot_wait)↪→

29 delay(1)
30

31 returnCode, resolution, image = sim.simxGetVisionSensorImage(
32 clientID, camera_handle, 0, sim.simx_opmode_streaming)
33 delay(1)
34

35

36 def conv_block(in_channels, out_channels, pool=False):
37 layers = [nn.Conv2d(in_channels, out_channels, kernel_size=3,

padding=1),↪→

38 nn.BatchNorm2d(out_channels),
39 nn.ReLU(inplace=True)]
40 if pool: layers.append(nn.MaxPool2d(2))
41 return nn.Sequential(*layers)
42

43

44 class Resnet(nn.Module):
45 def __init__(self):
46 super().__init__()
47 self.conv1 = conv_block(3, 8, pool=True)
48 self.res1 = nn.Sequential(conv_block(8, 8), conv_block(8, 8))
49 self.conv2 = conv_block(8, 16, pool=True)
50 self.conv3 = conv_block(16, 32, pool=True)
51 self.res2 = nn.Sequential(conv_block(32, 32), conv_block(32,

32))↪→

52 self.conv5 = conv_block(32, 64, pool=True)
53 self.classifier = nn.Sequential(nn.MaxPool2d(2),
54 nn.Flatten(),
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55 nn.Dropout(0.2))
56 self.linear = nn.Sequential(
57 nn.Linear(576, 128),
58 nn.ReLU(),
59 nn.Linear(128, 4)
60 )
61

62 def forward(self, xb):
63 out = self.conv1(xb)
64 out = self.res1(out) + out
65 out = self.conv2(out)
66 out = self.conv3(out)
67 out = self.res2(out) + out
68 out = self.conv5(out)
69 out = self.classifier(out)
70 out = self.linear(out)
71 return out
72

73

74 def index(val):
75 maximum = 0
76 for i in range(len(val)):
77 if i != 0:
78 if val[i] > val[maximum]:
79 maximum = i
80 return maximum
81

82

83 def tensor_to_list(tensor):
84 if isinstance(tensor, T.Tensor):
85 tensor = tensor.tolist()
86 if isinstance(tensor, list):
87 return [tensor_to_list(t) for t in tensor]
88 else:
89 return tensor
90

91

92 def raspido(clientID, left_motor_handle, right_motor_handle, action):
93 if action == 0:
94 lspeed, rspeed = 0.2, 0.2
95 elif action == 1:
96 lspeed, rspeed = -0.2, -0.2
97 elif action == 2:
98 lspeed, rspeed = 0, 0.2
99 elif action == 3:
100 lspeed, rspeed = 0.2, 0
101 else:
102 lspeed, rspeed = 0, 0
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103 errorCode = sim.simxSetJointTargetVelocity(
104 clientID, left_motor_handle, lspeed,

sim.simx_opmode_streaming)↪→

105 errorCode = sim.simxSetJointTargetVelocity(
106 clientID, right_motor_handle, rspeed,

sim.simx_opmode_streaming)↪→

107

108 def file_retriever(clientID, camera_handle):
109 returnCode, resolution, image = sim.simxGetVisionSensorImage(
110 clientID, camera_handle, 0, sim.simx_opmode_buffer)
111 img = np.array(image).astype(np.uint8)
112 img.resize([resolution[0], resolution[1], 3])
113 img = cv2.flip(img, 0)
114 img = cv2.rotate(img, cv2.ROTATE_90_COUNTERCLOCKWISE)
115 img = cv2.resize(img, (100, 100))
116 img = cv2.cvtColor(img, cv2.COLOR_RGB2BGR)
117 img = Image.fromarray(img)
118 img = imgtotensor(img)
119 return img.unsqueeze(0)
120

121

122 model = Resnet()
123 model.load_state_dict(T.load(r'D:\new\modelv3.pth'))
124 model.eval()
125 imgtotensor = tt.ToTensor()
126 while True:
127 im = file_retriever(clientID, camera_handle)
128 errorCode = sim.simxSetJointTargetVelocity(
129 clientID, left_motor_handle, lSpeed,

sim.simx_opmode_streaming)↪→

130 errorCode = sim.simxSetJointTargetVelocity(
131 clientID, right_motor_handle, rSpeed,

sim.simx_opmode_streaming)↪→

132 action = model(im)
133 action = tensor_to_list(action)
134 action = index(action[0])
135 print(action)
136 raspido(clientID, left_motor_handle, right_motor_handle,

action)↪→

This Python script is designed to control a simulated robot using the Cop-
peliaSim robotics simulation software. It can be broken down as:

Imports:

The script imports necessary libraries including sim (presumably the CoppeliaSim
library), numpy, cv2 (OpenCV), torch (PyTorch), sys, and PIL. These libraries are
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used for various purposes including simulation control, image processing, and deep
learning.

Print Statements: It prints ”Program started” to indicate the start of the program.

Connection to CoppeliaSim:

The script attempts to connect to the CoppeliaSim remote API server using simxS-
tart function. If the connection is successful, it prints ”Connected to remote API
server”.

Motor and Camera Handles:

It retrieves handles for the left motor, right motor, and vision sensor (camera) from
the simulation environment using simxGetObjectHandle. These handles are used
to control the robot’s motors and obtain images from the camera.

Neural Network Definition:

The script defines a neural network class called Resnet. This class defines the archi-
tecture of a convolutional neural network (CNN)model using PyTorch’s nn.Module.
The network consists of convolutional layers, batch normalization, ReLU activa-
tion functions, max-pooling layers, dropout layers, and fully connected layers. This
CNN model is used for image processing tasks.

Utility Functions:

The script defines several utility functions including conv_block for creating con-
volutional blocks, index for finding the index of the maximum value in a list, ten-
sor_to_list for converting PyTorch tensors to Python lists, raspido for controlling
the robot’s motors based on actions, and file_retriever for retrieving and prepro-
cessing images from the camera.

Model Loading:

It loads a pre-trained neural networkmodel from a file (modelv3.pth) using torch.load
and assigns the model to the model variable. The model is then set to evaluation
mode using model.eval().

Main Loop:

The script enters a main loop where it continuously retrieves images from the cam-
era, processes them using the loaded neural network model, determines actions to
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control the robot, and applies those actions to the robot’s motors using the raspido
function. Inside the loop, it retrieves an image from the camera using file_retriever.

• It sets the target velocities of the robot’s motors to lSpeed and rSpeed using
simxSetJointTargetVelocity.

• It passes the image through the neural network model to obtain action pre-
dictions.

• It selects the action with the highest predicted probability.

• It prints the selected action.

• It applies the selected action to the robot’s motors using the raspido function.

3.4 Object detection model

Figure 3.24: Object dection model planning

Object detection is a crucial task in computer vision, involving the identification
and localization of objects within images or videos. Image Localization precisely
determines the location of objects using bounding boxes, which outline the objects
with rectangular shapes. Meanwhile, image classification assigns a class label to
an entire image or specific objects within it.

YOLO (You Only Look Once) is a widely-used algorithm for object detection.
It stands out for its speed, accuracy, generalization capabilities, and open-source
nature.
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YOLO architecture is similar to GoogleNet. As illustrated in figure 3.25 , it has
overall 24 convolutional layers, four max-pooling layers, and two fully connected
layers.

Figure 3.25: Object detection Network Architecture(R. Joseph, et al)

The architecture works as follows:

• Resizes the input image into 448x448 before going through the convolutional
network.

• A 1x1 convolution is first applied to reduce the number of channels, which
is then followed by a 3x3 convolution to generate a cuboidal output.

• The activation function under the hood is ReLU, except for the final layer,
which uses a linear activation function or no activation.

• Some additional techniques, such as batch normalization and dropout, re-
spectively regularize the model and prevent it from overfitting.

The algorithm works based on the following four approaches:

• Residual blocks

• Bounding box regression

• Intersection Over Unions or IOU

• Non-Maximum Suppression

Residual blocks

In this approach, the original image is partitioned into an n× n grid of uniform
cells. Each cell in the grid assumes the responsibility of localizing and classifying
the object it encompasses, providing predictions for both the object class and the
associated probability or confidence score.
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Bounding box regression

The subsequent task involves identifying bounding boxes, which are essentially
rectangles outlining all objects present in the image. Multiple bounding boxes can
exist, corresponding to the objects within the image.

YOLO achieves this by employing a single regression module, which outputs
the attributes of these bounding boxes in a specific format. The final vector repre-
sentation for each bounding box, denoted as Y, follows a predefined format.

Y = [pc,bx,by,bh,bw,c1,c2]

This is especially important during the training phase of the model where,

• pc corresponds to the probability score of the grid containing an object. For
instance, all the grids in red will have a probability score higher than zero.
The image on the right is the simplified version since the probability of each
yellow cell is zero (insignificant).

• bx, by are the x and y coordinates of the center of the bounding box with
respect to the enveloping grid cell.

• bh, bw correspond to the height and the width of the bounding box with
respect to the enveloping grid cell.

• c1 and c2 correspond to the two classes Player and Ball. We can have as
many classes as your use case requires.

Intersection over union

In many cases, a single object in an image may have multiple grid box candidates
for prediction, even though not all of them are relevant. The Intersection over
Union (IOU), a value ranging between 0 and 1, is utilized to filter out such irrele-
vant grid boxes and retain only those that are pertinent.

Here’s how the process works:

• The user specifies an IOU selection threshold, which could, for example, be
set to 0.5.

• YOLO computes the IOU for each grid cell, calculated as the Intersection
area divided by the Union area.

• Subsequently, it disregards the predictions of grid cells with an IOU value
less than or equal to the threshold, while retaining those with an IOU value
greater than the threshold.
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Non-Max Suppression or NMS

Establishing a threshold for the Intersection over Union (IOU) isn’t always suf-
ficient because an object might have several boxes with an IOU exceeding the
threshold. Retaining all these boxes could introduce noise into the predictions.
This is where Non-Maximum Suppression (NMS) comes into play, enabling the
selection of only the boxes with the highest probability scores for detection.

3.4.1 How the navigation works

Firstly upon starting, the camera position is adjusted using the servo motor. then
the camera take picture and check if it detect anything. if it did not detect any thing
it will then turn right take picture and analyze again. it will do it until it detect the
pick up place. once it detect the pickup place it will then see if it is ps, ph or pa.
if it is ps, it will go straight and check if it is still seeing ps. if it see ph it will take
left turn or right turn depending upon where it detect the ph . the size of our image
is 400*300 so is ph top-left x-coordinates is less than 10 we take right otherwise
we take left turn. in case of pa we make right, straight and left again and track
the last instance of the detected object by repeating last action as we do not want
to lose track of object due to our position correcting maneuver. this all continues
until we get a distance of less than 18cm.here at this place if our model chose other
than ps, we will have another positioning correcting maneuver. and if it is ps we
use small forward step until we get an appropriate distance of 15cm. after this the
navigation model stops and the camera is lower and picture is taken and send to
height detection model, the model output either 0,1 and 2. depending upon the
correct height we need the mast to be for our operation. if the model input 2 then
then mast is send up by 900 by our steeper model and if its zero the mast is send
900 down and then the mobile robot goes 2 steps forward. and then if it is picking
operation it goes 200 up again, and for loading it goes 200 down again. after this it
take 3 step backward. and adjust the position of the mast to its centre position. after
this load the same navigation model but this time for placement position, here the
maneuver steps are reversed in order for left and right other things are same. After
reaching its placement position ot then again start height detecting model and the
thing continue until all the boxes are moved from pickup place to the placement
place.

53



Chapter 4

Results and Discussion

In this project, we employed supervised learning techniques to develop a robot
navigation system within an indoor environment. Our aim was to enable the robot
to autonomously navigate from a starting point to a goal location while picking up
boxes characterized by colour and place it to the desired location. We did this in
both the simulation environment and the real life environment. For our simulation
environment we made an Sl model whose goal was to go from starting place to
pickup place and from pickup place to the goal place and return to pickup place.
While in our actual physical model we used Object detection model for the same
work but now it also pick up the boxes from pickup place and place those boxes in
their goal place. So to achieve our goal we used object detection model based on
YOLO v8 for navigating to the pickup place and for navigating from pickup place
to placement place and then developed image classifier model for height detecting
to adjust the level of fork while picking up boxes. Our model was successfully able
to navigate to the desired location and pickup the boxes and transfer and place it
to the desired placement place. In this chapter we present the effectiveness of our
model characterized by different parameter as shown below:

4.1 CoppeliaSim simulation

The robot was trained in the simulated environment of CoppeliaSimwhere we used
the supervised learning model designed on our own and the following result was
achieved.

4.1.1 Training loss vs Epoch

In supervised learning, the concept of total loss versus epoch refers to the trend of
the overall loss function over the course of training epochs. The total loss typically
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encompasses both the training loss and the validation loss, providing a comprehen-
sive measure of the model’s performance at each epoch.

During the training process, the model’s parameters are iteratively updated to
minimize the loss function, which quantifies the disparity between the model’s
predictions and the ground truth labels. As training progresses through multi-
ple epochs, the total loss is evaluated at regular intervals (epochs), reflecting the
model’s performance at each stage of training.

The total loss versus epoch plot serves as a valuable tool for assessing the train-
ing progress and diagnosing potential issues. The total loss versus epoch plot of
our model is illustrated by the figure 4.1.

Figure 4.1: Training loss vs Epoch

From the above graph we can see that the total loss is decrease over epochs,
indicating that the model is learning and improving its performance on both the
training and validation sets. This suggests that the model is effectively capturing
patterns in the data and generalizing well.

4.1.2 Validation Loss vs Epoch

In supervised learning, validation loss refers to the error or loss calculated on a
separate dataset called the validation set. This set is distinct from the training set
and is used to evaluate the performance of the model during training.

Validation loss serves as a crucial metric for monitoring the generalization ca-
pability of the model. While training loss measures the error incurred during the
optimization process on the training data, validation loss provides insight into how
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well the model generalizes to unseen data.
During the training process, the model’s parameters are updated iteratively to

minimize the training loss. However, if the model overfits the training data, mean-
ing it learns to memorize the training examples rather than generalize, it may per-
form poorly on new, unseen data. Validation loss helps detect overfitting by indi-
cating whether the model’s performance on the validation set improves or deterio-
rates over time.

Ideally, validation loss should decrease steadily or remain relatively stable through-
out training. A consistent increase in validation loss suggests that themodel is over-
fitting and failing to generalize well. In such cases, adjustments may be necessary,
such as modifying the model architecture, introducing regularization techniques,
or adjusting hyperparameters. The change in validation loss during training can be
visualized using the graph in figure 4.2.

Figure 4.2: Validation loss vs Epoch

4.1.3 Accuracy of model vs Epoch

In supervised learning, the accuracy of the model versus epoch refers to the trend of
the model’s classification accuracy over the course of training epochs. This metric
provides insights into how the model’s performance evolves during the training
process.

During training, the model’s parameters are iteratively updated to minimize the
loss function, whichmeasures the disparity between themodel’s predictions and the
ground truth labels. As training progresses through multiple epochs, the model’s
accuracy on both the training and validation sets is evaluated at regular intervals
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(epochs). Ideally, the model’s accuracy should improve over epochs, indicating
that the model is learning and making better predictions.

The accuracy versus epoch plot is a valuable diagnostic tool for assessing the
training progress. The variation of accuracy of model with respect to Epoch can
be visualized by following graph as illustrated in figure 4.3.

Figure 4.3: Accuracy vs Epoch

As we can from the figure 4.3, the model’s accuracy improves over epochs,
indicating that the model is learning and making better predictions.

After reaching a certain points nearly after 20 epochs, the accuracy is somehow
constant, where further training epochs do not lead to significant improvements in
performance. This indicates that the model has converged to a good solution.

The total accuracy of the model after 30 Epochs during simulation was found
to be 98%.

4.1.4 Navigation in CoppeliaSim environment

Through extensive experimentation and analysis, we observed consistent and sat-
isfactory performance in the robot’s ability to navigate from designated starting
points to predefined target locations.

As we can see in the figure 4.4, when we place our robot at any point inside
the environment, it first navigates to the blue box and then to the red box and
back to blue box. Across multiple simulation runs, the robot consistently followed
a predetermined sequence of actions, moving from a starting position to a blue
box, then to a red box, and returning to the blue box. This sequential navigation
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behavior, indicative of a well-learned strategy, was observed to be both reliable and
repeatable, with the robot achieving the desired navigation objectives in a manner
consistent with its training.

The trained model demonstrated a remarkable capacity to learn and generalize
its navigation behavior based on the provided training data. By leveraging a su-
pervised learning framework, the robot successfully learned to associate sensory
inputs from the environment with appropriate actions, effectively mapping visual
cues to navigation decisions.

Figure 4.4: Navigation in CoppeliaSim environment

4.2 Physical Model

In our actual robot, we used object detection model based on YOLO v8 for nav-
igation of our robot to the pickup and placement place whereas we used our own
image classifier model for height detecting and loading model. The results for the
both model can be explained as follows:

4.2.1 Confusion matrix for object detection model

For our project, we opted for a medium-sized model trained over 100 epochs. The
model comprised 295 layers, with 25,859,794 parameters, and was designed to
classify objects into six classes: ps, ph, pa, ds, dh, and da, resulting in a final
accuracy of 73%. The confusion matrix, depicted in Figure 4.4, illustrates the
model’s performance.

In the confusion matrix, the horizontal axis represents instances of objects
present in the model, while the vertical axis denotes the model’s predictions. Our
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model categorizes objects into different size classes, such as straight forward (p)
and at an angle (d), with subclasses representing pickup (p) and placement (d) loca-
tions. Correct identifications align along the same axis, misclassifications appear
along different axes, and missed detections are marked along the background axis.

To calculate the model’s accuracy, we sum the numbers along the diagonal and
divide by the total sum of all numbers in the matrix. 4.5.

Figure 4.5: Confusion matrix

4.2.2 Height loading model

An image classifier was used in height detection model which was used to adjust
the position of the fork to the required position according to the level of the load to
be lifted and transferred. The different parameters representing the improvement
of of the model over different Epochs can be explained by following plots.

59



Figure 4.6: Training loss vs Epoch (Height loading model)

Figure 4.7: Validation vs Epoch (Height loading model)
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Figure 4.8: Accuracy vs Epoch (Height loading model)

4.2.3 Actual robot working

The forklift, a common piece of material handling equipment, plays a vital role
in warehouses, distribution centers, and manufacturing facilities worldwide. This
specialized vehicle, typically characterized by its two-pronged forks at the front, is
designed to lift, move, and stack heavy loads with efficiency and precision.

Here our main objective was to design a scaled down forklift type robot that is
capable of working on its own through the deployment of machine learning tech-
niques by effectively mapping visual cues to navigation decisions.

The robot, characterized by its two-pronged forks at the front, was tasked with
transferring three blue boxes stacked in a column to a location in front of a yellow
platform. Leveraging machine learning algorithms, the robot autonomously iden-
tified and navigated to the target location, demonstrating its capability to interpret
visual cues and make informed navigation decisions.

In Figure 4.9, we provide a frame-by-frame depiction of the robot’s operation,
showcasing its successful execution of the assigned task. The robot approached
the stacked boxes, accurately positioned its forks beneath the load, and lifted them
with precision. It then traversed the environment to the designated location, where
it deposited the boxes in front of the yellow platform as specified.

The completion of this task underscores the effectiveness of our approach in de-
signing and training a machine learning-based navigation system for autonomous
robotic material handling. The successful performance of the robot in a simulated
environment highlights its potential for real-world applications in warehouses, dis-
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tribution centers, and manufacturing facilities. Furthermore, this project lays a
foundation for future research and development efforts aimed at enhancing the ca-
pabilities and scalability of autonomous material handling systems.

Figure 4.9: Actual robot working
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Chapter 5

Conclusion

In the realm of autonomous navigation for inventory transportation, the utilization
of various techniques such as Simultaneous Localization and Mapping (SLAM),
model predictive control, and others has significantly advanced the capabilities of
robots. These techniques have enabled robots to navigate through complex envi-
ronments, avoiding obstacles and efficiently transporting inventory. However, as
industries seek to further automate their processes, there’s a growing interest in
leveraging machine learning (ML) algorithms to enhance the capabilities of these
robots.

One of the primary advantages of employing ML algorithms in autonomous
navigation is their ability to adapt and improve over time. Traditional techniques
often rely on predefined models and algorithms, which may struggle to handle
unexpected situations or dynamic environments. In contrast, ML algorithms can
analyze vast amounts of data to learn patterns and make decisions based on the
observed trends. This adaptability enables robots to navigate more effectively in
real-world scenarios, where conditions may vary unpredictably.

Moreover, ML algorithms can optimize navigation strategies based on specific
objectives or constraints. By learning from past experiences and outcomes, robots
can continuously refine their navigation behaviors to achieve better performance,
whether it’s minimizing travel time, avoiding collisions, or optimizing energy con-
sumption. This adaptability and optimization capability make ML algorithms par-
ticularly well-suited for inventory transportation tasks, where efficiency and relia-
bility are paramount.

Furthermore,ML algorithms have the potential to enhance safety in autonomous
navigation. By continuously learning from data, robots can improve their ability
to detect and respond to potential hazards, thus reducing the risk of accidents or
damage to both the inventory and the environment.

In essence, while traditional techniques have laid the foundation for autonomous
navigation, the integration of ML algorithms offers a transformative approach that
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unlocks new levels of efficiency, adaptability, and safety. As industries continue
to embrace automation, leveragingML in inventory transportation robots holds the
promise of revolutionizing logistics operations, leading to increased productivity,
cost savings, and ultimately, a more streamlined and efficient supply chain.

In this comprehensive report, we embarked on a journey to automate the task of
a simple forklift like robot in an indoor environment with a simple RGB camera and
a cheap ultrasonic distance sensor usingmachine learning algorithm. Our endeavor
encompassed various stages, from dataset collection and model development to the
creation of a user-friendly application aimed at aiding various indoor activities of
inventory transportion. The foundation of our project lay in the meticulous collec-
tion of a diverse dataset comprising images of indoor environment , alongside a
category for the object to pick and the placement place. This step was pivotal, as
it provided the groundwork necessary for training robust machine learning models
capable of accurate navigation and pick up.

In conclusion, our project stands as a testament to the potential of interdisci-
plinary collaboration and innovation in driving positive change within the inven-
tory transportation department. With a steadfast commitment to excellence and a
vision for a more resilient and productive landscape, we remain dedicated to fur-
thering the impact and reach of our endeavors in the pursuit of a sustainable future.
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Chapter 6

Limitations and future enhancement

Limitations

• The current model was trained and deployed in a simple environment, which
may not adequately prepare it for more dynamic and complex real-world
scenarios. As a result, the model’s performance may degrade when faced
with unpredictable environments or obstacles.

• The utilization of a Raspberry Pi 3 B+ for image processing resulted in sub
optimal performance, causing delays in real-time processing. This hardware
limitation hindered the robot’s ability to navigate smoothly, impacting its
overall efficiency and responsiveness.

• The dataset used for training may lack diversity, potentially leading to poor
generalization in varied environments. Incorporating amore diverse range of
training data, including different lighting conditions, object orientations, and
environmental contexts, could improve the model’s robustness and adapt-
ability.

• Due to the limitations in hardware and environment complexity, the current
system may require manual intervention or human oversight to address un-
foreseen challenges or errors encountered during navigation. This reduces
the system’s autonomy and limits its practical applications in real-world set-
tings.

Future Enhancement

• Incorporating simulation environments that mimic real-world dynamics and
complexities can facilitate more comprehensive training of the model. This
allows for testing and validation in diverse scenarios, including varying ter-
rain, lighting conditions, and obstacle configurations.
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• Integrating additional sensors, such as depth cameras, can augment themodel’s
perception capabilities and providemore comprehensive environmental aware-
ness. Sensor fusion techniques can combine information from multiple sen-
sors to enhance object detection, localization, and navigation accuracy.

• Implementing online learning algorithms allows the model to continuously
adapt and improve its performance based on real-time feedback from the
environment. This enables the system to learn from experience and dynam-
ically adjust its behavior in response to changing conditions or new chal-
lenges.

• Exploring collaborative robotics approaches, where robots can interact and
share information with each other or with human operators, can enhance
the system’s versatility and scalability. This enables coordinated navigation
and task execution in complex, dynamic environments, while also fostering
human-robot collaboration and cooperation.
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