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This work starts by introducing artificial intelligence. Neural networks are part of artificial
intelligence and more specifically part of deep learning. Convolutional neural network is
strong technology in image recognition and detection. The study aims to build artifact that
can detect humans from images.

This study considers how does specific system details effect foundational building block
choices for the artifact. How the model is constructed from building blocks and how it is
evaluated. After that the artifact is iteratively improved and results are showcased.

The artifact achieved accuracy of 73.96% at AP 0.5 and 44.46% at mAP. It detected large
human figures easily and was able to detect partially visible human figures with okay
accuracy. Small human figures were detected with low accuracy. High confidence score
threshold is important to prevent hallucinations that the artifact started showcasing.
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Tadma tyo alkaa esittelemaélld tekoédlyn. Neuroverkot ovat osa tekodlyé ja tarkemmin osa
syvdoppimista. Konvoluutioneuroverkko on tehokas teknologia kuvantunnistuksessa ja
havaitsemisessa. Tutkimuksen tavoitteena on rakentaa artefakti, joka pystyy tunnistamaan
thmisid kuvista.

Tutkimuksessa tarkastellaan, miten tietyt jarjestelmén yksityiskohdat vaikuttavat artefaktin
perusrakenneosien valintoihin, miten malli rakennetaan ndisti rakenneosista sekd miten
sitd arvioidaan. Tdmén jédlkeen artefaktia parannetaan iteratiivisesti ja tulokset esitellddn.

Artefakti saavutti 73,96 %:n tarkkuuden AP 0.5 -mittarilla ja 44,46 %:n tarkkuuden mAP-
mittarilla. Se tunnisti suuret ihmisfiguurit helposti ja pystyi tunnistamaan osittain nékyvét
thmisfiguurit kohtuullisella tarkkuudella. Pienet ihmisfiguurit tunnistettiin heikolla
tarkkuudella. Korkea luottamuspisterajan arvo on tirked hallusinaatioiden estdmiseksi,
joita artefakti alkoi tuottaa.
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Abbreviations

Al Artificial Intelligence

AP Average Precision

CNN Convolutional Neural Network
DL Deep Learning

GPU Graphical Processing Unit
LLMs Large Language Models
NN Neural Network

mAP Mean Average Precision
ML Machine Learning

MLP Multilayer Perceptron
RNN Recurrent Neural Network
ROI Region of Interest

PRN Regional Proposal Network
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1 Introduction

World is growing increasingly interconnected, with digital technologies embedded in
everyday life. There are more phones than people in the world. People use virtual assistants,
self-driving cars and search web for different purposes. All of this contributes to amount of
data growing exponentially. Big data has given growth to old but now hot topic. This rapid
growth of data has revitalized interest in artificial intelligence (AI), a field that enables
machines to categorize, label, enhance, make predictions and much more from this data that

our society generates. [1], [2]

Al improves wide range of applications in our society. Governments, companies, and
individuals use it to enhance their productivity or process. In medical sector Al can flag
patients from their data that are more vulnerable to risks. In business sector Al has significant
impact on logistics as it can organize movement of thousands of cargo containers around the
world. In financial and banking sector Al helps to monitor various activities and ensures that
no fraud takes place. With these positives also negatives effects have been noted. Al can
make mistakes that can worsen patient’s situation or falsely flag fraud case in financial world
if its output is taken for granted in truth. There is also risk of Al can reduce amount of human

work force needed. [3]

Deep learning is a subfield of machine learning that focuses on models composed of multiple
layers of interconnected artificial neurons, commonly referred to as neural networks. While
the fundamental concepts behind neural networks have existed for several decades, deep
learning has gained significant momentum in recent years due to advances in computational
hardware, the availability of large-scale datasets, and improvements in training algorithms.
It has pushed image recognition and classification to be industry standard in different areas

like security and medical usage.[2]

In this study we investigate foundations of building and enhancing output of NN. Study will
produce artifact that will feature computer vision with convolutional neural network (CNN)

that will be able to detect humans from images.



1.1 Goals and limitations

The goal of the thesis is to display the ability to research and understand the fundamentals
principles of computer vision and neural networks. Second goal of the thesis is creating
artifact that can detect human figures from digital images. Third goal is to evaluate created

artifact using appropriate metrics.

Coding language in this study will be Python because of a wide variety of libraries and
frameworks for neural networks and computer vision, such as TensorFlow, PyTorch, and
OpenCV. Choosing efficient tools is must for efficient development, training, and evaluation

of the artifact as resources are limited for this study.

Training of the artifact will be conducted with labeled image dataset. The model is trained
with supervised learning method. The study focuses on improving the accuracy and
reliability of artifact through fine tuning as model will be built based on previous research

on convolutional neural networks architecture.

Artifact will be weak Al as it can only solve problems in very narrow areas. Its capabilities
will be limited to recognizing human figures from images. Evaluation of the artifact will be
done with images that have not been part of training dataset. Metrics such as generalization

error and average precision.
Based on these objectives, the following research questions are proposed:
- How can computer vision and neural networks be applied to human figure detection?

- How accurately can the developed artifact detect human figures in images?
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1.2 Research method

The research method at the beginning of it will be a literature review. In second phase
research method will be design research. In this study literature review was conducted for
information gathering about the subject. It also helps to choose what to build in the study

more specifically. In the research, the following search engines were used to find sources.
- Google

- Google Scholar

- LUT Primo

In the study ChatGPT was utilized to find open-sourced links if default link from search
engine was behind paywall. The following search terms were used individually or joined
together in logical order: “computer vision”, “human recognition”, “neural network”,
“artificial intelligence”, “machine learning”. Search results were chosen based on most
relevant title, clarity, content, and release year. Online sources were used for datasets,

information, and courses regarding building artifact.

"Build to learn" is an easily understood phrase to describe a design science research
technique. To address issues, it develops and assesses an information technology artifact.
There are five steps in the design science research process paradigm. To inspire both the
audience and the researcher to seek a solution, the first task is to identify the research
problem. Determining the goals of a solution is the second task. It establishes the objective
as well as what is practical and achievable. Design and development, which establishes the
intended functionality and its architecture, is the third stage. This stage involves the
development of the prototype. The evaluation of the artifact created is the fourth task. More
specifically, it uses pertinent metrics and analysis methods to monitor and assess the artifact's
performance. The last task is communication, which entails sharing the knowledge gained

through academic publications. [4]
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2 Literature review

In this chapter relevant previous studies and foundations of creating of our artifact are
studied. History of artificial intelligence and machine learning is presented in the beginning
and then machine learning methods are explained. Deep learning and more thoroughly

recurrent and convolutional neural networks are introduced in the end.

2.1 Artificial intelligence

Al is hot topic in current technology landscape currently. Research into the subject started
in 1950 when Alan Turing [5] proposed idea that could machines think. Term for Artificial
Intelligence was coined by John McCarthy in 1956 [6]. McCarthy [7] himself describes Al
as “It is the science and engineering of making intelligent machines, especially intelligent
computer programs.” After artificial intelligence machine learning started to flourish in
1980’s. Latest advances have been in deep learning where deep neural networks have
achieved success in different tasks, often matching humans or exceeding human

performance [2].

ARTIFICIAL INTELLIGENCE

EARLY ARTIFICAL INTELLIGENCE MACHINE LEARNING

MACHINE LEARNING BEGINS
TO FLOURISH DEEP LEARNING

DEEP LEARNING BREAKTHROUGHS

1950s 1960s 1970s 1980s 1990s 2000s 2010s

Figure 1 Al and its development [2]

Machine learning is foundation of Artificial Intelligence in most cases as it gives intelligence

for the system through different algorithms or deep learning where deep neural network it
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taught specific task or tasks. Relations between AIl, ML and DL can be seen below in figure

2. 2], [8]

Artificial Intelligence

Machine Learning

Figure 2 Relations of Al, ML, and DL

IBM [9] and Mehrotra [8] categorize Al in three categories. There are slight differences in
naming and categorization, but core idea is the same. Weak or narrow Al is where the system
can perform narrow and specific task better than human, but it’s not requirement to
outperform human. Strong or general Al is where the system can perform different unrelated
tasks and is able to teach itself to solve new problems. Super or Conscious Al is system that
can showcase human-level consciousness. There is massive leap between the categories and
current Al systems have reached weak AI. First weak AI that showcased some
accomplishments was Logic Theorist in 1956 by Newell and Simon [10]. After that first
famous weak Al to outperform best human in his field is Deep Blue by IBM to win in 1997
best chess player Garry Kasparov [11].

2.2 Machine learning

Machine Learning (ML) is subset of Al that consists of studies and algorithms that try to
achieve intelligence for the machine. Intelligence is achieved by pattern recognition that

enhances itself over time when new data is given to the system [12]. This is the main
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difference between non-intelligent and intelligent systems. They can learn and improve

themselves over non-intelligent systems that have hard coded variables.

Machine Learning can be categorized as three distinct learning paradigms: Supervised
learning, unsupervised learning or reinforcement learning. Each of these has their own
training objectives and often model training can entail multiple methods to leverage more
benefits and lessen the negative aspects of each. In example large language models (LLMs)
are initially trained and fine-tuned with supervised learning, followed by more fine-tuning

through reinforced learning. [12]

2.2.1 Supervised machine learning

Supervised machine learning method is as name gives a way learning method for machine
to learn under supervision. Supervised learning algorithms can be divided to two main
models. Classification models and regression models. Classification models define the input
data into predefined classes. Labels that classification uses are discrete. Regression models
define the input data into real-value domain. Labels in regression are continuous. There are
multiple alternatives for representing classifiers such as support vector machines, decision
trees, probabilistic summaries, and algebraic function. Nasteski [ 13] states that “Along with
regression and probability estimation, classification is one of the most studied models,
possibly one with the greatest practical relevance. The potential benefits of progress in
classification are immense since the technique has great impact on other areas, both within
Data Mining and in its applications.”. Neural networks and decision trees most commonly
utilize supervised learning technique as both depend on information given by the pre-
determinate classification. Figure 3 showcases how supervised learning model functions.
Training data is driven through feature vectors and labelled for predictive model. With this
data predictive model enhances itself over time. After training phase model tries to predict

correct labels from test data. [13]
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Machine learning
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images, etc.
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Y

Expected label
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Figure 3 Supervised learning model [13]

2.2.2 Unsupervised machine learning

Unsupervised machine learning is a method that gives the machine more brain like learning
model were unsupervised learner brings to bear prior biases as to what aspects of the
structure of the input should be captured in the output. This gives unsupervised learning
model advantage to learn like humans learn or at least it is the goal of the unsupervised

learning model taught neural networks. [14]

Unsupervised learning problems can be divided into association, clustering, and
dimensionality reduction. Association is finding items from collection that have increased
probability to co-occur together. Medical example would be what odds has poorly controlled

type 2 diabetes change to develop any form of cancer. In association any attribute can be
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predicted. Clustering is grouping items in the collection. Items in same cluster are grouped
together based on their attributes. Marketing example would be that people that bought same
things can purchase also what others in same group purchased. Dimensionality reduction is
data reduction method where complex data is simplified with help of system that looks which
data attributes are least impactful. This reduction can transform data in example reducing

feature columns. [2]

2.2.3 Reinforcement machine learning

Reinforcement machine learning is method that aims to give both benefits from unsupervised
and supervised learning. In reinforcement learning only partial feedback is given to system
from the predictions. This partial feedback is usually given as reward so that the system tries

to maximize the effectiveness of its algorithm. [15]

Reward

— System

J State

Action -

Controller

Figure 4 The basic reinforcement scenario [15]

In figure 4 is typical setting where reinforcement learning operates. The status of the
controlled system and a reward related to the most recent state change are sent to a controller.
After that, it computes an action that is returned to the system. The cycle is repeated until
satisfactory results are achieved. Challenge is to learn a way of controlling the system to

maximize the total reward.
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2.3 Deep learning

In this study focus is on sub-field of ML that is Deep Learning (DL). Deep learning is based
on artificial neural network (NN) that is inspired by structure of the human brain. Neural
networks consist of interconnected layers that have nodes that each perform mathematical
operation. These layers are input layer, hidden layer, or output layer. Input layer is where
raw data is put to hold. Input layer is connected to hidden layer(s). Hidden layer consists of
artificial neurons that transform input into values that are multiplied by their associated
weights and added bias to pass to next layer. In these hidden layers linear transformation
happens. Final layer is output layer where nonlinear activation function is added to produce
final prediction. Deep learning refers to models that have at least 4 layers, but often modern
NN architectures are much deeper. Neural networks can be structured to be highly flexible
and adjustable which gives them incredible advantage to traditional machine learning

algorithms. [16], [17]

IBM [16] describes this the with the following quote: “deep learning, on the other hand, can
piece together an arbitrary number of smaller, individually adjustable lines to form the
desired shape. Deep neural networks are universal approximators: it has been proven
theoretically that for any function, there exists a neural network arrangement that can

reproduce it.”

In real-world applications where Al is utilized there is major source of difficulty. There are
multiple factors of variation in data. In traditional machine learning this is huge part of
processing to be able to adapt to these noises in data. Deep learning solves this problem by

being able to learn complex concepts out of simpler concepts. [18]

Feedforward neural networks are also known as multilayer perceptron’s (MLPs). They
represent the most basic form of NN where information flows only in single direction
without any feedback. After input layer there are hidden layers that typically capture simple
patterns or features. While going deeper in hidden layers the learning goes towards more

complex representations. [18]

Two other neural network architectures are recurrent and convolutional neural networks

which are more advanced than their predecessors. These types of architecture have seen
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significant growth in recent decades. Each of these types of architectures has own area and

data types where they excel. [16]

2.3.1 Recurrent neural networks

Recurrent neural networks (RNNs) are specialized for learning from training data as they
take information from prior inputs to influence the current input and output. These prior
inputs create an internal “memory” of past inputs that is called hidden state. Hidden state
allows comprehension of context and order. [16] They shine in language modelling and
generating text, speech recognition, generating image descriptions, and in video tagging

[19].

It is also noteworthy that recurrent networks communicate parameters across all network
layers is another feature that sets them apart from other architectures. RNNs share the same
weight parameter throughout all network layers, but feedforward networks have distinct
weights for every node. Nevertheless, in order to support reinforcement learning, these

weights are still modified via gradient descent and backpropagation. [16]

2.3.2 Convolutional neural networks

Convolutional neural networks (CNNs) are specialized for data that has grid-like topology
[18]. This is why CNNs primarily focus on classification and computer vision tasks. As they
are performing superior with image, speech or audio signal inputs compared to other NN
architectures. CNNs architecture consists of three main layers. Convolutional layer, pooling

layer, and fully connected layer. [16]

Convolutional layer gives its name for CNNs and comes from mathematical operation called
“convolution”. Weisstein [20] states that “A convolution is an integral that expresses the
amount of overlap of one function g as it is shifted over another function f. It therefore
"blends" one function with another. For example, in synthesis imaging, the measured dirty
map is a convolution of the "true" CLEAN map with the dirty beam (the Fourier transform

of the sampling distribution).” This phenomenon can be seen in figure 3.
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Figure 5 Convolution [20]

Convolution uses three important ideas to improve the machine learning system. sparse
interactions, parameter sharing and equivariant representation. Sparse interactions replace
reduces amount of connection between layers to improve memory requirements and
statistical efficiency. This is achieved by processing image that is millions or thousands of
pixels, to smaller more efficient features such as edges with kernels that occupy only
hundreds or tens of pixels. It also boosts computing efficiency as fewer operations are

required. [18]

Figure 6 Sparse connectivity and parameter sharing [18]
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This parameter sharing causes the layer to have equivariance. Equivariance means that if the
input changes, the output changes same way. Function f(x) is equivariant to function g if

following is true.

flg() =g(f(x)

In our case, if g is any function that translates the input, then the convolution function is
equivariant to g. With images, convolution creates 2-D maps of where desired features
appear in the input. If we move the object in the input its representation will move same
amount in output. This is useful because a cat can be anywhere in the image, but it is still
the same cat regarding what position it holds. CNN does not need to learn separate filters for

every spot. [18]

2.4 Computer vision

Computer vision is in words of Jan Erik [21] “the automated extraction of information from
images. Information can mean anything from 3D models, camera position, object detection
and recognition to grouping and searching image content. Computer vision is extraction of
visual data to transform it in way that computer system can understand. This can be made in

data and statistical approach, geometrical, or other mathematical ways.

Computer vision usually is applied with deep learning methods like CNNs, deep belief
networks, and deep Boltzmann machines, and stacked autoencoders. In CNNs the input
image is processed with help of convolutional and pooling layers to feature maps.
Convolution layer finds most important aspects of the feature map while pooling layer
downsized the image around the important aspects for improved efficiency. After
convolutional layers comes fully connected layers. These fully connected layers take 2-D
feature maps and convert them to 1-D feature vector that can be fed forward into a certain

number of categories for classification. [22]
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3 Planning of the artifact

In this chapter planning of the artifact is studied and decision making explained. In the first
chapter we go through how our system used in this study affected decision making. In the
second chapter COCO dataset is introduced. In the third chapter architecture of the model is

introduced and explained.

3.1 System effects on the design of the artifact

Table 1. Core components of system

Component Name
CPU AMD Ryzen 7 9700X
GPU AMD Radeon RX 9070
(0N MS Windows 11
WSL Ubuntu 24 LTS

When designing Al systems, hardware is crucial decision factor. More specifically on
graphics processing unit (GPU) as whole architecture of the system needs to adapt to it.
There are two major manufacturers, AMD and NVIDIA. They do not only offer hardware
both, but software on top of that, what is needed for most Al frameworks. NVIDIA has
compute unified device architecture (CUDA) that has been developed over two decades and
is industry standard for machine learning development. AMD has open-sourced Radeon
open compute (ROCm) that offers compatibility with biggest Al frameworks and there are

still some limitations. [23]

In this study choosing framework for building the deep-learning model was between
Facebook’s Al research lab PyTorch and Google brain’s TensorFlow. PyTorch favor’s
experimentation with dynamic computation graphs, ease of learning as PyTorch’s API feels
closer to standard Python, and easier debugging as debugger for python works with PyTorch
without additional tools. TensorFlow favors ease of production deployment and highly

optimized production pipelines. It also offers better visualization tools out of the box. For
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this study PyTorch was chosen to be framework because of previous reasoning and a lot of

articles were using PyTorch also in their studies. [24]

When using AMD hardware with PyTorch it limits options for operating system (OS). In
PyTorch “Get Started” documentation [25] states that ROCm can be only used with Linux

distributions.

In later phase of the study was found out that WSL could not utilize system’s GPU. Next
options were to either make it that WSL could see GPU or after little bit of more in-depth
research was found out about Directml. Microsoft has developed torch-directml for windows
systems to use with DirectX 12-capable GPUs. This enables us to use PyTorch with
limitations in in windows operating system. This also grants access to build in debugger for

python in visual studio code that was mentioned previously. [26]

This gives three possible directions. First is to build it inside the container that has Linux
distribution. Second is to use Windows Subsystem for Linux (WSL). Third is to use torch-
directml with our native operating system. For building artifact which requires debugging
and constant changes. It’s easier to remove container option. This study uses torch-directml

if the limitations don’t interfere with our artifact development. [27].

3.2 Microsoft COCO 2017 dataset

Microsoft COCO 2017 is labeled large dataset for computer vision that has usually multiple
instances of different categories in images. Their dataset consists of images that could be
from your everyday scene. Their goal is to improve recognition when object can be in the

background, partially occluded, and amid clutter. [28]

COCO focuses on image classification, object detection and semantic scene labelling. When
training Faster R-CNN focus i1s on object detection. Dataset offer’s annotations for objects
in it and can be used to create ground truth boxes that can be used to evaluate and train the
artifact. In object detection COCO dataset offer’s wider variety of different labelled objects
in image whereas it’s competitor PASCAL VOC offers 90% single and double class images.
COCO has 90% images from single to 5 class images. COCO also offers more instances per

category than PASCAL. [28]
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3.3 Architecture of CNN

Convolutional neural networks can be used to classification, localization, and detection. In
this study goal is to detect human figure from image so we need to adapt our neural network
to detection. Altenberger [29] has discovered five main architecture directions that are
Region-based Convolutional Neural Network (R-CNN) and Region-based Fully
Convolutional Network (R-FCN) which both work with regions of interest. Then you only
look once (YOLO), single shot multibox detectors, and YOLOv2 which all are greedy
architectures and try to minimize running time. Because COCO dataset offer’s large images
with possible very small objects that our detection is trying to find greedy architectures are
very bad, but architectures that are based on Regions of Interest (Rol) are very good for

COCO dataset.

R-CNN was resource heavy architecture, but recent developments have made it so that this
new incarnation Fast R-CNN is able to share convolutions across proposals which achieves
almost real-time rates using deep networks, when ignoring the time spent on region

proposals. Current bottleneck is the proposals in latest detection systems. [30]
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Figure 7 Architecture diagram of Faster-RCNN

Of two options latter is faster so in this study we are going with R-CNN and PyTorch offers
better support for it. PyTorch has prebuilt model from Faster R-CNN that is based on study
from Ren [30]. Their goal is to get accurate and fast model to direct object detection towards

real-time.

Faster-RCNN architecture consist of backbone that is deep CNN that extracts feature maps
out of the input image. Then feature maps are shared with both the detection network and
Region Proposal Network (RPN). RPN is small network that uses anchor boxes that are
varying sizes and aspect ratios to generate region proposals. These regions are ROI and are
pooled into a fixed-size feature map for the detection network. Detection network classifies
these proposed regions into different categories and refines bounding boxes for precise

localization.[31]
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3.4 Evaluating performance of the CNN

Most references used in this study showcase performance of their object-detection neural
networks with mean average precision (mAP). The mAP metric is calculated as the mean of
the Average Precision (AP) values across all classes. However, it can also be used as mean
of values across all point thresholds, in example [0.5:0.05:0.95]. In this study AP is used to
evaluate model’s accuracy as it is more accurate term for this study. AP is founded on top

of three different concepts:
* True positive (TP): A correct detection of a ground-truth bounding box

» False positive (FP): An incorrect detection of a nonexistent object or a misplaced

detection of an existing object
» False negative (FN): An undetected ground-truth bounding box

There is also fourth context true negative (TN), but it is not taken into consideration because
there are infinite number of bounding boxes in images. Correct definition for the contexts is
based on Intersection Over Union (IOU). It measures the overlapping area between the

predicted bounding box and ground truth.

area of overla
10U = f P

area of union

A detection is classified as correct or incorrect by comparing its IOU value with a specified
threshold t. If the IOU is greater than or equal to t, the detection is considered correct. If the
IOU is less than t, the detection is considered incorrect. Assessment of object detection is

based on the precision P and recall R concepts, defined as

b TP . TP
"~ TP+FP ~~ TP+FN

Precision measures how well a model identifies only relevant objects. It represents the
proportion of correctly predicted positive detections out of all positive predictions made by
the model. Recall, on the other hand, measures how effectively a model detects all relevant

cases, meaning all ground-truth bounding boxes. It represents the proportion of correctly

predicted positive detections out of all actual positive instances in the dataset. [32]
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The relationship between precision and recall is represented by the precision—recall (PR)
curve. AP is defined as the area under this PR curve. Because the curve often fluctuates

interpolation is used to provide a more consistent estimate of performance.

In the 11-point interpolation method, the precision—recall curve is summarized by evaluating
precision at eleven equally spaced recall levels between 0 and 1 [0, 0.1, 0.2, ..., 1.0]. At each
of these recall levels, instead of taking the precision value observed exactly at that point, the
highest precision achieved at that recall level or any higher recall level is selected. AP is then

calculated as the mean of these eleven maximum precision values.

1
APy, = H z Pinterp (R)

R€{0,0.1,...,1}

Pinterp (R) = _max P(ﬁ)

ﬁ:R ZRn+1

In the all-point interpolation method, the idea is like the 11-point approach, but instead of
checking precision at only eleven fixed recall levels, it uses all recall values observed in the
dataset. For each recall level, we again take the highest precision achieved at that level or

any higher recall level.

AP is then calculated by combining these interpolated precision values across the entire
range of recall. Because this method considers every recall point rather than a small,
predefined set, it provides a more detailed and accurate estimate of the area under the

precision—recall curve.

APy = Z(Rn+1 - Rn)Pinterp (Rn+1)
n

Pinterp (Rn+1) = & max P(ﬁ)

‘R2Rp 41

Goodwill [18] also discuss about how to reduce underfitting and overfitting. He suggests
that success of the learning is based on two factors. Making the training error small and
making the gap between training and test error small. If we monitor these aspects during
training, we can choose model that is best for least amount of underfitting and overfitting.

This error is referred to as generalization error in this study.
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Figure 8 Generalization error [18]
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4 Developing the artifact

In this chapter we go through how the artifact was developed. The first chapter is about
building the training and validation for model and all the necessary functions. Training
iterations are also included in the first chapter. Second chapter is about in-depth validation

of the training iterations. In the third chapter model visualizations are explained.

4.1 Building the pretrained model

Code repository can be found in GitHub from profile AleksiLe under repository

HumanRecognition. Link to repository can be found in Appendix 1.

I will be starting by utilizing pretrained Faster R-CNN model from study from Ren [30] that
is part of the PyTorch library [33]. We need to create custom COCO dataset that returns
needed inputs for the model. Creation of custom datasets is also documented in PyTorch
[34]. From documentation requirements for dataset are stated as image converted to input

tensors and targets that is list of dictionaries that contains:
boxes (FloatTensor[N,4]): the ground-truth (GT) boxes in [x1, y1, x2, y2]
labels (Int64Tensor[N]): the class label for each ground-truth box

COCO dataset offers annotations for labelled objects in their dataset. We are only taking
human annotations that have identification number of 1. With these annotations we build our
own boxes. Here it’s important to mention that from annotations “bbox” first two numbers
are top left coordinates and next two are value of difference to bottom left coordinates. If the
code is run as top-level it showcases CocoPersonDataset. Code is showcased in

*“ /datasets/coco_person.py”.

Model can be used as pretrained that default’s to weights trained with COCO 2017 dataset.
Because dataset only contains labels for person we need to input number of classes for the
model. Function for constructing the model is showcased

“/models/pretrained faster rcnn.py”. [33]
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Evaluation of the artifact will be done with AP and is implemented with 2 helper functions.
The ap_all point_interpolation function works as all point interpolation and returns AP. The
match preds to gt greedy function is for IOU to check if detections are TP, FP. In the first
training round threshold for IOU is 0.5. Return predictions scores, TP and FP. Functions are

showcased in “./utils/validation.py”

Our implementation computes the standard Faster R-CNN multi-task loss, combining
classification and bounding-box regression, exactly as described by Ren [30]. Training loss
is computed on the training set with gradient updates, and validation loss is the same function

evaluated on the validation set without updating the model. This can be seen in

/train_pretrained.py” as compute validation_loss function.

Before fine-tuning we need to use PyTorch Datal.oader [35] that loads our dataset to batches
that are shuffled every learning iteration and reduces overfitting of our model. Dataset only
includes images with people in them and could be changed to include all but fine-tuning is
way more efficient with every image including people. Lastly model needs training and
evaluation functions. They are gotten from adapting PyTorch documentation code from
engine.py. In the evaluate function AP is calculated at the end. Learning rate optimizer
values are taken from intermediate tutorial. Functions are showcased in

“/train_pretrained.py”. [36]

4.1.1 First training round

In the first training round config values can be seen in tables below. The first training round

took around 12 hours, and the following data was gathered during the training round.

Table 2 Configuration values

BATCH _SIZE NUM_EPOCHS MAX VAL SAMPLES MAX_ TRAIN SAMPLES
2 10 5000 10000

Table 3 Configuration values

LEARNING MOMENTUM WEIGHT DECAY | STEP_ | GAMMA | IOU THRESHOLD
RATE SIZE

0.005 0.9 0.0005 7 0.1 0.5
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Train vs Validation Loss AP@0.5 Learning Curve
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Figure 9 First training validation graphs

Figure 8 showcases AP development over learning cycles can be viewed as very normal
behavior. Model is pretrained so initial weak accuracy is logical as output vector has gone
from 21 values to 2. In the third epoch model gets high AP before regressing for 3 epochs

and then achieving top accuracy.

Figure 9 showcases how many predictions per image were made on average. Metric is to
evaluate the performance of RPN inside of the model. If we start getting reasonably lower
amounts of predictions per image it means our RPN is developing correctly as it gets better
to detect only areas where person is located. This graph showcases good development of

RPN.

Figure 10 and 11 showcasing metrics to reduce overfitting and underfitting. The goals are to
get small as possible overfitting gap so that model is learning accurately and performing well

on previously not seen validation data. These two graphs follow the trend of previous ones.
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In the beginning there is development to correct way after few rounds of weaking and then

back to strengthening.

From these graphs hypothesis that in the beginning initial learning comes from pretrained
adapting correctly but then weakening because of lack of other objects that is not being used
in our output vector. After that model starts adapting to our output vector. Next step is to
increase the number of training rounds from 10 to 20. The goal is to reduce the overfitting

gap more and see continuous growth in AP.

4.1.2 Second training round

In the second training round config value was changed from NUM_EPOCHS: 10 = 20. The

training round took around 24 hours, and the following data was gathered during the training

round.
Train vs Validation Loss AP@0.5 Learning Curve
046 1 —— Train Loss 0.74
Val Loss
0.44 0.72 1
0.70 4
0.42 A
0.68
0.40 4
0.66 -
0.38
0.64
0.36 062
2.5 5.0 75 100 125 150 175 200 2.5 5.0 75 100 125 150 175 200
Epoch Epoch
Overfitting Gap (Train - Val) Average Predictions per Image
0.085 501
0.080 - a5 4
0.075
40 A
0.070
0.065 - 35
0.060 - 304
0.055
25 A
0.050
. T T T T T T T . T T T T T T T
2.5 5.0 7.5 100 125 150 175 200 25 5.0 75 100 125 150 175  20.0
Epoch Epoch

Figure 10 Second training validation graphs
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First impressions showcase different behaviours in AP graphs and some variance in
detections per image. Train and validation loss graph are very similar to first training loop
and overfitting gap keeps growing smaller. In this training iteration both goals of decreasing
overfitting gap and increasing AP. From figure 8 is showcased optimal capacity in
underfitting and overfitting. There has been no increase in generalization error so increased

training rounds for model are needed.

Because the model is using StepLR learning rate drops after 4 steps near non-zero. This can
be seen in Figure 17. Our models are currently using 7 as a step size. If training round are
increased over 21 changes will be very minimal. So, if step size is increased to 8, training
round can be increased 25 so that we get more training and overfitting should not happen on

earlier iterations where learning rate is still high.

Learning Rate: StepLR

0.05

0.04

0.03 4

0.02 +

Learning Rate

0.01 ~

\

0 20 40 60 80 100
Epoch

0.00 4

Figure 11 StepLR graph with step size 30 [37]

The difference in AP curve between first and second training is intriguing. In the second
training round it started from accurate but quickly dropped and in accuracy and later started

outperforming the initial accuracy.

Next step is to increase the step size by 1 and number of training loops by 5.
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4.1.3 Third training loop

In the third training loop config values NUM EPOCH changed from 20 to 25 and
STEP SIZE changed from 7 to 8. The training went on about 24 hours and on training round
22 (Epoch 21) our program crashed. Part of the error message can be seen in figures 18 and
19. Runtime crashed because there was error in training dataset. After adding try catch to
our dataset’s getitem function with additional lines to help detect error and prevent
crashing. New training loop was started, and new round of training error occurs again from
same location. Next step was to enhance error detection and prevention in
train_pretrained.py function train_one_epoch. After new round of training error detection
works correctly and showcases that in some point at 22 training loop every training iteration
inside the model returns decode error. Expectation is that virtual python is running out of
memory. Model was added with enhanced checkpoint save to upkeep training validation
data additional to currently saved model checkpoints. Also, ability to start training from

specific checkpoint was added to artifact.

Epoch 19 done | avg loss: @.41e1 |
Epoch 2@ done | avg loss: ©.4162
Traceback (most recent call last):
File "c:\CodeProjects\DippaCode\train pretrai .py", line 288, in <module>
main(}
File "c:\CodeProjects\DippaCode\train pretrained.py”, line 263, in main
train_loss = train_one_epoch{model, optimizer, train loader, device, epo

ects\DippaCode\train pretrained.py”, line 187, in train_one_epoch
loss_dict = model(images, targets)

File "C:\CodeProjects\DippaCode\.venv\Lib\site-packages\torch\nn\modules\module.py”, line 1553, in _wrapped call_impl
return self.

Figure 12 Error origin

UnicodeDecodeError: 'utf-8' codec can't decode byte @xed in position 31: invalid continuation byte

Figure 13 Error message

With these addons training continued in batches so that memory overflow is prevented. The
goal of this training run was to improve generalization error and see growth in it so that the
model would be in most optimal settings. Figure 20 showcases that generalization error is
still decreasing over training iterations. Figure x showcases that AP has reached ceiling at
0.75. In the third training round the most accurate model is 24 epoch where generalization

error is at its smallest while achieving near 0.75 AP.
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Train vs Validation Loss AP@0.5 Learning Curve
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Figure 14 Third training validation graphs

4.1.4 Fourth training loop

In the fourth training loop the goal was to see if large growth in learning parameters could
give the model accuracy over 0.75 AP which has become limit for it in previous training
rounds. Config was set to 40 number of training rounds and step size was set to 10. Training

was conducted in multiple phases.

The overfitting graph from figure x looks like it would start growing, but there is too little
data to be certain. The lowest points with high AP are 26, 28 and 36. The 36-training round
being the lowest with ~0.04 error between training and validation error. All training rounds

from round 17 achieve AP around 0.72-0.73.
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Train vs Validation Loss AP@0.5 Learning Curve
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Figure 15 Fourth training validation graphs

4.2 In depth validation of training rounds

Because model validation is less time-consuming step that training but still takes
considerable time in this study more in-depth validation was decided to be done in later
phase. After building the validation function, I found out that it would not have been
considerable time increase and it should have been included in training iterations to give me
more insightful data from where to make decisions. The validation tool can be found from
“/evaluate checkpoint.py” and is built to evaluate single checkpoint with AP thresholds

[0.5:0.05:0.95].

First training loop is showcased in the table 4 below. The first training iteration was weakest
in the first epoch out of all other training iterations. It showcased much weaker starting
accuracy AP 0.5 at ~0.52 while the later three iterations were able to achieve accuracy
between ~0.685-0.705. They all shared same dataset sizes for validation and training, with

addition to not experiencing any changes in learning rate. That is why the biggest growth
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from first iteration to last iteration came from first training round where model achieved

accuracy increase of 0.2070 at AP 0.5 and 0.1734 mAP [0.5:0.95].

Table 4 AP and mAP at different iterations in first training loop

Epoch 0 3 6 9
APO0.5 0.5157 0.6572 | 0.5740 | 0.7230
AP 0.55 0.4739 0.6235 | 0.5339 | 0.6943
AP 0.6 0.4277 0.5793 | 0.4893 | 0.6559
AP 0.65 0.3700 0.5163 | 0.4288 | 0.6021
AP 0.7 0.2987 0.4420 | 0.3534 | 0.5314
AP 0.75 0.2265 0.3569 | 0.2722 | 0.4455
AP 0.8 0.1461 0.2568 | 0.1783 | 0.3386
AP 0.85 0.0692 0.1444 | 0.0839 | 0.2099
AP 0.9 0.0150 0.0406 | 0.0129 | 0.0737
AP 0.95 0.0002 0.0010 | 0.0001 | 0.0026
mAP 0.2543 0.3618 | 0.2927 | 0.4277
[0.5:0.95]

Second training loop is showcased in the table 5 below. The second training round had the
best accuracy in all training rounds. It showcased accuracy 0.7396 at AP 0.5 and 0.4446 at
mAP [0.5:0.95]. It also was training round that gain least amount of accuracy from first

iteration to last. AP 0.5 increased 0.0342 and mAP increased 0.0373.

Table 5 AP and mAP at different iterations in second training loop

Epoch 0 5 10 15 19

AP 0.5 0.7054 | 0.6544 | 0.7264 | 0.7371 0.7396
AP 0.55 0.6740 | 0.6198 | 0.6953 | 0.7069 0.7101
AP 0.6 0.6328 | 0.5784 | 0.6553 | 0.6688 0.6696
AP 0.65 0.5822 | 0.5222 | 0.6045 | 0.6209 0.6210
AP 0.7 0.5085 | 0.4471 | 0.5350 | 0.5568 0.5562
AP 0.75 0.4218 | 0.3590 | 0.4508 | 0.4699 0.4725
AP 0.8 0.3105 | 0.2514 | 0.3387 | 0.3601 0.3602
AP 0.85 0.1845 | 0.1267 | 0.2136 | 0.2275 0.2286
AP 0.9 0.0522 | 0.0314 | 0.0711 | 0.0808 0.0838
AP 0.95 0.0016 | 0.0010 | 0.0028 | 0.0040 0.0044
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mAP 04073 [ 03591 [0.4293 [0.4433 [ 0.4446
[0.5:0.95]

Third training loop is showcased in the table 6 below. The third training showcased best
accuracy 0.7343 at AP 0.5 and 0.4388 at mAP [0.5:0.95]. The training round from first
iteration to last iteration gained accuracy improvement of 0.0569 at AP 0.5 and 0.0647 at
mAP. A lot of the improvements when compared to second training loop came from weaker
first training iteration. The third training still gave weaker results in both AP and mAP at

around ~0.005 margin.

Table 6 AP and mAP at different iterations in third training loop

Epoch 0 5 10 15 20 24
AP0.5 | 0.6774 | 0.6774 | 0.7216 | 0.7189 | 0.7324 | 0.7343
AP0.55 | 0.6429 | 0.6429 | 0.6916 | 0.6889 | 0.7029 | 0.7040
AP0.6 | 0.6007 | 0.6007 | 0.6543 | 0.6488 | 0.6639 | 0.6643
AP 0.65 | 0.5420 | 0.5420 | 0.6016 | 0.5928 | 0.6130 | 0.6159
AP0.7 | 04616 | 0.4615 | 0.5329 | 0.5228 | 0.5463 | 0.5496
AP0.75 | 0.3703 | 0.3703 | 0.4412 | 0.4389 | 0.4602 | 0.4627
AP0.8 | 02615 | 0.2615 | 0.3341 | 03276 | 0.3493 | 0.3519
AP0.85 | 0.1433 | 0.1433 | 0.1973 | 0.2035 | 0.2193 | 0.2204
AP0.9 | 0.0405 | 0.0405 | 0.0682 | 0.0706 | 0.0795 | 0.0809
AP 0.95 | 0.0010 | 0.0010 | 0.0031 | 0.0038 | 0.0046 | 0.0039
mAP | 0.3741 | 0.3741 | 0.4246 | 0.4217 | 0.4371 | 0.4388
[0.5:0.95]

Fourth training loop is showcased in the table 7 below. This training round was the longest
with largest step size. The goal of AP 0.5 growing over 0.75 was not achieved and results
were worse than in the second training loop. Improvements from first training loop to last

one were on AP 0.5 0.0335 and on mAP [0.5:0.95] 0.0322.

Table 7 AP and mAP at different iterations in third training loop

Epoch 0 5 10 15 20 25 30 36 39
AP 0.5 0.6854 | 0.6541 | 0.6897 | 0.7089 | 0.7215 | 0.7207 | 0.7238 | 0.7230 | 0.7189

AP 0.55 | 0.6518 | 0.6196 | 0.6579 | 0.6757 | 0.6914 | 0.6899 | 0.6923 | 0.6940 | 0.6889
AP 0.6 0.6074 | 0.5774 | 0.6164 | 0.6330 | 0.6510 | 0.6477 | 0.6524 | 0.6517 | 0.6488
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AP0.65 | 0.5514 | 0.5220 | 0.5638 | 0.5800 | 0.5996 | 0.5970 | 0.6021 | 0.6010 | 0.5928
APO0.7 | 04797 |0.4461 | 04933 |0.5102 | 0.5314 | 0.5292 | 0.5319 | 0.5325 | 0.5228
AP0.75 | 03969 | 0.3596 | 0.4077 | 0.4178 | 0.4408 | 0.4423 | 0.4440 | 0.4440 | 0.4389
AP0.8 | 02942 | 02531 | 0298 |0.3117 | 03312 |0.3317 | 0.3372 | 0.3382 | 0.3276
AP0.85 | 0.1775 | 0.1303 | 0.1688 | 0.1853 | 0.2039 | 0.2024 | 0.2032 | 0.2042 | 0.2035
AP0.9 | 0.0500 |0.0320 | 0.0513 | 0.0601 | 0.0710 | 0.0712 | 0.0723 | 0.0720 | 0.0706
AP0.95 | 0.0009 | 0.0010 | 0.0017 | 0.0025 | 0.0035 | 0.0039 | 0.0037 | 0.0033 | 0.0038
mAP 0.3895 | 0.3595 | 0.3949 | 0.4085 | 0.4245 | 0.4236 | 0.4263 | 0.4264 | 0.4217
[0.5:0.95]

4.3 Visualization of validation images

To showcase differences in first iteration models and fourth iteration models
“/visualize_model.py” was created to showcase different models from different iterations.
Different images were chosen from COCO dataset to showcase interesting differences

between iterations. In all the visualizations score threshold is set to 0.6.

In the first chosen case we have images 1 and 2 where first training loop last epoch and most
accurate second training loop last epoch models are showcased. In the image 1 our model
has not yet achieved enough training to detect person behind the glass. But in image 2 more
iterated model learns to detect person behind the glass but starts showing hallucinations in
television reflection. Television reflection does have edges that do resemble human outlines
from torso. This is because the dataset is trained with data that does have ground truths where
very little from human can be perceived and in training gives positive reinforcement when

network finds these.
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Image 1 First training loop epoch 9 [28]

Image 2 Second training loop epoch 19 [28]

In the second case can be seen multiple correct zones for single ground truth. Image 3 is
second training loop last epoch and image 4 is fourth training loop last epoch. In image 3

where person on right is detected twice, larger detection is with 0.99 accuracy, and the
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smaller area is with 0.72 accuracy. Our model is not checking if the area is already classified
for category. This stems from that region proposal network is suggesting areas of interest
and our classifier cannot conclude that they are recognising the same area. In image 4 when
model has been iterated even more the hallucinations increase. Now with addition to 1
hallucination second one has appeared where closest person’s arm is being expected to be
part of someone else. This stems from the same case than in image 3 the first hallucination
was. Our training data can also increase this because there are data images where people are

behind others and encourages this kind of behaviour.

Pred persons: 5
GT persons: 3

Pred persons: 4
GT persons: 3

il

5
perspersom 0.62

person: 0.961 4 1

Image 3 Second training loop epoch 19 [28] Image 3 Fourth training loop epoch 39 [28]
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5 Conclusions

When looking at results it is good to compare them with original model that was finetuned.
Ren and others [30] achieved AP 0.5 48.4% and mAP [0.5, 0.95] 21.2% on COCO 2015
competition. They also trained their model with COCO training dataset and validated with
COCO validation dataset. They got mAP 0.5 41.5% and 21.2% mAP [0.5,0.95]. They trained
their model for eighty object categories with same architecture that they used in VOC dataset
and over 300k training iterations with 8-GPUs. Their model in PASCAL VOC 2012 dataset
achieved at best 84.1% accuracy when detecting person’s. Based on this it was better
decision to fine tune from their model that was trained with COCO and PASCAL VOC to
detect persons in COCO dataset.

This study’s best accuracy iteration was of 73.96% at AP 0.5 and 44.46% at mAP [0.5:0.95].
The artifact was able to detect large human figures with very good accuracy. Partial and
medium sized figures were detected with okay accuracy, but with very small figures were
detected with bad accuracy. High confidence rating improved detection accuracy because it
prevented hallucinations but is not showcased in AP or mAP because it calculates accuracy
with minimum [OU. Improvement of 32.46% AP 0.5 and 21.57% mAP [0.5,0.95] was
achieved, but there were important constraints in the equation that improved the results. This
study’s model only had single object category where they had eighty. They trained with
whole training dataset and validation dataset. This study only used under 10% of training
dataset and under 50% of validation dataset. Showcase of model (Appendix 2) is done with

confidence score threshold of 0.8.

PyTorch as a library showcased great documentation that included easily understood
examples. Their documentation also offers scientific research as foundation for different
functions and components. It is great tool to build neural networks for human detection and

is not limited to only that. It offers great customization and adaption possibilities.

During this study realization of time resources needed for this kind of work really showcased
themselves. Time was limited because of weak teaching resources. Single GPU for teaching
neural network is time consuming and gives little room for error. If this study would have
used full training dataset training iteration could have taken more than 10 days. The system

was not only time-consuming process. Learning and understanding these complex systems
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is time consuming process and duration of this study only gave insights into how to build
the model that can detect humans, but optimization practices left much to be desired. For
continuum of this study, I would suggest studying how classifier and reginal proposal
network works and how they can be optimized in fine tuning. Regional proposal network is
the part that came out okay in this study, but classifier showcased more negative symptoms.
Building neural network with PyTorch modules was something that I was also aiming for in
this study, but single GPU system makes training too recourse heavy for this study’s time

schedule.

To end this study lets go through study questions. Neural networks apply human figure
detection with help of different frameworks that use computers or cloud recourses to learn
the detection of human figure. Computer vision is big part of these frameworks and is usually
implemented with them because the way of handling that is big factor in output results of
the whole artifact. Accuracy of our artifact is good but does not detect smallest regions of

human figure as can be seen in Appendix 2.
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Appendix 1. Code Repository

Github link: https://eithub.com/Aleksil.e/HumanRecognition



https://github.com/AleksiLe/HumanRecognition

Appendix 2. Model Showcase





  f  ( g  ( x ) ) = g ( f  ( x ) )


  I O U =     a r e a   o f   o v e r l a p  a r e a   o f   u n i o n


  P =     T P  T P + F P     R =     T P  T P + F N  


    A P 11 =    1 11   ∑  R ∈ { 0 , 0 . 1 , … , 1 }    P  i n t e r p ( R )


    P  i n t e r p  ( R ) =      max    R ~ :   R ~ ≥   R  n + 1 ⁡  P (   R ~ )


    P  i n t e r p  ( R ) =      max    R ~ :   R ~ ≥   R  n + 1 ⁡  P (   R ~ )


    A P  a l l =     ∑  n        ( R  n + 1 − R  n ) P  i n t e r p   ( R  n + 1 )


    P  i n t e r p   ( R  n + 1 ) =      max    R ~ :   R ~ ≥   R  n + 1 ⁡  P (   R ~ )


    P  i n t e r p   ( R  n + 1 ) =      max    R ~ :   R ~ ≥   R  n + 1 ⁡  P (   R ~ )

