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Abstract

The horizontal hand gesture recognition is an innovative, cheaper way for
human-computer interaction. Currently, most researchers work with sensors, de-
vices for hand gesture recognition, which require more resources. Instead, the
presented horizontal method for hand gesture signal recognition by frames. A
key element of this work is the research of a recognition algorithm using only
single camera. In the presented framework, the hand detection works as a con-
verting BGR image to RGB before processing. Then, the palm and fingers are
segmented so as to detect and recognize the fingers. There are handedness and
hand landmarks on the image as a result of a hand detection. Each point of
landmark has coordination x, y, z values. There is comparing algorithm of points
to recognize hand gesture by fingers. The model has been implemented getting
landmark values on a data set of hand images, which collected from video frames.
In the presented framework, the hand detection works with computer vision (CV)
algorithms, in general MediaPipe as a converting blue, green, red (BGR) image to
red, green, blue (RGB) before processing. There are handedness and hand land-
marks on the image as a result of a hand detection. Each point of the landmark
has coordination X, y, z values. The performance of the method highly depends

on the result of hand detection on horizontal surface and collected dataset.



Angarma

Kenzener Kol KUMBUIBIH TaHy aJaM MeH KOMIbIOTED.IIH SPEKeTTeCYIHiH MH-
HOBalMANBIK, ap3aH 9jici boabin Tabbuiansl. Kasipri yakeiTTa 3epTTeyminepain
KOIILILMIr KO.T KIMbLIBIH TaHy KYPBUIFbLIADBIMEH, CEHCOPJIAPMeH AKYMBIC icTef .
Ou1 KypbiFBLTaP Kebipex pecypcrapapl KaxkeT etei. OHbIH OPHBIHE 6V KYMBICTA
KaJpJjap apKplibl KOJ1 KUMBUIbIH KOJIIEHEH Xa3bIKThIKTA, TAHYIbIH 9/iCi YCHIHBI-
nraH. By xympIcThIH Herisri smemenTi 6ip raHa KaMepaHbl NailJasaHbII TaHy
aJIPOPUTMIH 3epTTey 60,1bin Tabblagbl. ¥ ChIHBLIFAH KYPBUIBIMAA KOJIAbl AHbIKTAY
engeyaen 6ypoiH BGR keckinin RGB Typine Typiennipy peTinze »KyMbic icTeii-
ai. Coman KefiiH caycaKTapibl aHbIKTay >KOHe TaHy YINiH aJakaH MeH CaycakTap
cermeHTTepre besineni. Ko/l aHbIKTay HaTHXKeCiHAe KONABIH CYDPETi »KoHe KOl
Gesrinepi, KOJNALIH HyKTenepi bap. Opbip 6armsap HYKTECIHAE X, ¥, Z KOOPIHHA-
LUAIBIK MOHIEP] 6osaabl. KoIIbH KUMBUIBIH caycakieH TaHy YIIIH Caycak HYK-
TeJIEPIH CAJIBICTBIPY AJITOPUTMBI »Ka3blibl. KeckinaepaeH ajbiHraHOeliHe Kaap-
JJapJaH >KMHAJIFaH KOJI CypeTTEPIHEH JepeKTep »KiHall, OarfapiblK MoHJepiHeH
MOZENBb/] OKBITY XKY3€re acChIPbLIJbI. ¥ CBIHBUIFAH KYPBUIBIMIA KOJIIBI aHBIKTay
xomnbiorepiik kepy (CV) anropurmaepimen »xymebic icreiiai. MediaPipe kiran-
xaHachl ©HJeyleH OYPbIH KoK, »Kacbul, Kbi3bl1 (BGR) KeckiHAl KbI3bLI, >KachlL,
kok (RGB) TypJsienzipy petinze ananpl. Kongel aHpikTay HITHXKECIHIE Gefinene-
PeH KOJLIOBIH CypeTi 2KoHe Koul berinepi, HykTesepi 6efitenenret. beariniy apbip
HYKTeCiHJe X, ¥, Z KOOPIMHALUSIILIK MoHepi Gosaapl. OMICTIH OHIMALIIr Keszge-

HeH OeTTeri KoJAbl aHBIKTAY HOTHKECiHe »KoHe »KIHAJIFaH JEPEKTEP KUbIHTHIFbIHA,

0aitJIaHbICTHI.



AHHOTaUA

T'opusoHTabHOE pacro3HaBaHNe »KeCTOB PYK — 9TO MHHOBALIOHHBIA 1 Ie-
LIeBBI CII0COD B3aMMOIEHCTBIS Ye10BeKa ¢ KOMIBIOTEPOM. B HacTosee Bpems
GOJIBLIMHCTBO HCc/leJoBaTeNell HCIOIb3YIOT AATYHKHU, YCTPOHCTBA U1 PACIO3HA-
BaHIIs XKECTOB PYK, KOTOPbIE TPebyIoT Goibiie pecypcoB. BMecTo sToro npencras-
JIEH FOPH30HTAJIbHBII METOJ|, PACIO3HABAHNISI YKECTOB PYK IO KaapaM. KiroueBbiM
9JIEMEHTOM 3TOff paboThl ABJNAETCS MCCIeNOBaHUE AJCOPUTMA DACIO3HABAHHS C
HCIOJIb30BaHNEM TOJIBKO LIBETHOI KaMepbl. B npexacrassieHHOil CTpyKType obHa-
PY?KeHHe PYKH, UCIOb3yeTcsi peobpa3oBanue nzobpakenusst BGR B RGB nepeg
06paboTkoil. 3aTeM IIPUMEHSIETCS] CerMEHTALUS JAJI0HK 1 NAJbLEB, YToObl 06HA-
DY>KHTb UX TOYKU. B pesy/nbTaTe oOHapy»XeHusi pyKu Ha U300DaXKeHHU MPHCYT-
CTBYIOT PYKOSITKH M OPMEHTHUPEI pyK. Kakgas Touka opreHTHpa IMeeT KOOpAnHa-
IIIIOHHblE 3HAYEHHS X, Y, Z. TaKxXKe NPIMEHSIETCsl aJICOPUTM JJISl CDABHEHUS TOYEK
I paclo3HaBaHHs »KEeCTOB PYKHU IO MaJibiaM. Mogess pean3oBaHa AJIS NOJyye-
HHS 3HaUEHH!l OPHEHTHPOB Ha Habope NaHHBIX H300parkeHHi pyKH, cobpaHHbIX
M3 BIJIEOKAJPOB 1 PY4YHOro cbopa Ho Kajapam. B mpeacTaBjeHHON CTPYKType,
HCIIOIBb3YIOTCS JITOPUTMBI KoMIIbIoTepHOro 3pennsa(CV) mia obHapy»keHne py-
ki, 6ubsmioreka MediaPipe, n nepen obpaborkoii uner npeobpa3oBaHie CHHErO,
senenoro, kpachoro (BGR) usobpaskenns B kpacnoe, 3esneHoe, cunee (RGB). B
pesynbTaTe 0OHAPYZKeHUs PYKH Ha 1300pasKeHNN TI0Ka3blBAIOTCA OPUEHTUPLL PYK
¢ Toukamu. Kaxkaast TOUKa OPUEHTUPa UMeeT KOOpAUHALMOHHBIE 3HAYE€HNUSA B IIPO-
CTPAHCTBE X, Y, Z. [IpOM3BOANTENILHOCTL METOAA CHJIPHO 3aBHCHT OT DE3y/bTaTa,

oOHapy>KeHNUs] pyKU Ha FOPH3OHTAJIBHON MOBEPXHOCTH U cobpaHHOrO Habopa JaH-

HBbIX. BUTHUSI.
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Nomenclature

Al  Artificial Intelligence

BGR Blue Green Red

CV Computer Vision

HCI Human Computer Interaction

KNN k-Nearest Neighbor Algorithm

ML Machine Learning

NN Neural Networks

OpenCV Open Source Computer Vision Library
RGB Red Green Blue

SVM Support Vector Machine



1. Introduction

1.1 Motivation

During the course of the last several decades, a significant number of researchers
have focused their efforts on developing hand gesture detection technologies. Hand
gesture recognition has a lot of uses, some of which include recognizing sign lan-
guage [11, 10, 21|, augmented reality (virtual reality) [3, 9, 4, 5], sign language
interpreters for the disabled [6], and robot control [15, 7).

The authors of [1, 2] first recognize American Sign Language by identifying the
hand area in the input photos, and then they follow and analyze the movement
route of the hand. Shimada et al. [10] offer a control interface for a television
that makes use of hand gesture recognition. In order to categorize different hand
gestures, Keskin et al. [7] split the hand into 21 distinct areas and then train an
SVM classifier to simulate the combined distribution of these regions for each of
the different hand motions.

The identification of hand gestures, as demonstrated by Zeng et al. [6] results
in an improvement to the quality of medical care. There are five different hand
gestures and three different compound states that make up the HCI recognition
system of the intelligent wheelchair. Their method operates dependably both
inside and outdoors, as well as in conditions where the illumination might shift.

Working with only two fingers, discovering the gesture by using these finger
instructions rather than only one command, which can be done using only one
frame, is the primary distinction between this project and other hand recogni-
tion projects. Both Luiz Henrique da Silva Santos and Matheus Vyctor Aranda
Espindola are worklng on a project called "Gesture Hand Controller which de-
tects hand commands made with any or all of the fingers. They demonstrate

one command with their hand, the program recognizes it, and then it creates the



appropriate command [12]. For instance, the hand motion "like" the big finger
up implies "click," "zoom out," and "zoom in." These commands are detected by
the first and second fingers of the hand. The zoom out command will be executed
when the distance between the fingers is large, and the zoom in command will be
executed when the space between the fingers is little. There will be no animation
for any of these commands [14]. This project’s dataset was also compiled using
data collected by the MediaPipe library. It functions properly with the dataset,
which is a single file containing x, y, and z values. Because of this, it is able to
identify the frame in real time [13].

1.2 Aims and Objectives

Using CV and ML algorithms to make life simpler is one of the goals of this
research. This is especially true for the lives of handicapped persons. The cheap-
est method for human-computer interaction (HCI) is the identification of hand
gestures by a single camera, because every laptop contains a camera. There are
algorithms based on both CV and ML that may be used to achieve the outcome of
a hand gesture on a horizontal surface. Hand recognition requires the software to

have hand detection, hand landmarks detection algorithms, and trained models

based on datasets. These are the components that make up the program.

1.3 Thesis Outline

One of the most essential aspects of human-computer interaction is the use of
vision-based technologies, such as hand gesture recognition. Sensor displays and
touch screens, keyboards and mice are still used for basic human-computer in-
teraction in certain projects today; in other situations the rapid development of
technology and software has necessitated the creation of more advanced technolo-
gies. In order to aid those with impairments, this project focuses on the issue of
using only one camera on a computer and recognition algorithms.

Gesture represents physical conduct and emotional expressiveness. It consists
of both body and hand gestures. It may be divided into two categories: static
gesture and dynamic gesture [11]. The posture of the hody or the movement of the

hand signifies a signal for the individual. The use of gesture as a means of com-
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munication between computer and human is possible [10]. It differs significantly
from conventional hardware-based technologies and can achieve human-computer
interaction via gesture recognition. The activity of the user is determined by
the recognition of the gesture or movement of the bodily parts. Currently, hand
gesture recognition projects utilize sensors, Ovasion, Raspberry PI, and other
technologies. These approaches promise more equipment and gadgets, but their
use in everyday life is awkward. First, the hand area is extracted from the original
photos captured by the camera input device. Then, certain types of characteristics
are retrieved to characterize hand motions, and the recognition of hand gestures
is achieved by comparing the feature data. The input devices that provide the
original picture data include a standard camera. The hand region is detected and
segmented based on the skin color’s sensitivity to lighting conditions and feature
points. Finding finger indices and angles was one of the initial stages in hand
recognition. The MediaPipe algorithm aids in detecting hands and locating land-
marks, hence illustrating handedness. The best solution is the algorithm with the

most training.

11



2. Preliminaries

There are some mathematical formulas used in algorithms. Every ML, AI, NN
algorithms work with mathematical definition, theorem or formulas. They include
mathematics. For example, SVM algorithm works wit Euclidean norm of complex

numbers and finding destination.

Definition 2.1. Similarly, the distance of a hyperplane equation:
(wh)(z) +b=0

from a given point vector (x0) can be easily written as :

|wT(¢(xo)) + bl
Il

du(p(xp)) =

Euclidean norm of complex numbers:

]| = Vw? + w? + w? +w?+n

So, the plane destination or distance measure is:

\ d_laxo +byo+C|
S~

Definition 2.2. Lagrange multiplier. Below x is the original primal variable and
to minimize the function f under a set of constraints given by g, and rewriting for

a new set of variables called Lagrangian multipliers.

12



Basic Primal Form Rewritten as Lagrange Multiplicr

miny f(x) ; gi(x) < 0 Lix, {A:)) = f(x) + leig.-(x) ;Ai20

i=1

Solving the primal variables by differentiating the unconstrained Lagrange.

oL
= 0 » x= h([A))

And lastly substituting back in the Lagrange equation and rewriting the con-

straints

LUAD = f0A) + ) Agih((A))

i=1

maxya,y > oming L (x [4;])

As the KNN is a supervised learning, there is the largest probability formula,

which it uses.

Definition 2.3. Chain rule is a formula that expresses the derivative of the com-
position of two differentiable functions f and g in terms of the derivatives of f and

g. More precisely, if
h = fogh=fog

is the function such that

or, equivaléntly,

W=(fog) =(fog) gk =(fog)=(f°9d
13



The chain rule may also be expressed in Leibniz’s notation. If a variable z
depends on the variable y, which itself depends on the variable x (that is, y and
z are dependent variables), then z depends on x as well, via the intermediate

variable y. In this case, the chain rule is expressed as

dz _dz dydz dz dy

dr dy dz'dr  dy dz’

and

dz
da:

ay
d:c

dz| _ dz dy _dz
dz|, dy o(z) dx dy

for indicating at which points the derivatives have to be evaluated.

y(z)

Definition 2.4. Mean squared error is chosen as the loss function for regression
problems and cross entropy for classification problems. Let’s take a regression
problem and its loss function be mean squared error, which squares the difference

between actual (y) and predicted value (y ).

MSE; = (y; — §:)°

Definition 2.5. Goal is to discover a function h:X—Y so that having an unknown
observation x, h(x) can positively predict the identical output y

‘In the classification problem, the K-nearest neighbor algorithm essentially said
that for a given value of K algorithm will find the K nearest neighbor of unseen
data point and then it will assign the class to unseen data point by having the
class which has the highest number of data points out of all classes of K neighbors.

For distance metrics, it will use the Euclidean metric.

!

a0 3"y = \f(ry = 2) + oo (3 = 58)

Finally, the input x gets assigned to the class with the largest probability.

Py =jlX=x=— Z 169 =)

leA

14



Definition 2.6. Precision (also called positive predictive value) is the fraction
of relevant instances among the retrieved instances, while recall (also known as
sensitivity) is the fraction of relevant instances that were retrieved. Both precision

and recall are therefore based on relevance.

True Positive
True Positive+False Positive

Precision =

True Positive
True Positive+Fatse Negarive

Recall =

Definition 2.7. The balance value between precision and a recall called a F1

score.

Precision«Recall
Precision+Recall

F1=2x

15



3. Programming Environment.
Design Architecture

Hand gesture recognition and command execution are common features in a wide
range of electronic devices. For example, my camera, niose device, and a smart
TV (TV) with wifi, interference device reflect the provided signal. For example,
the smart light bulb contains a noise adaptor and can detect whether or not a
signal is on by reflecting noise back. In order to use them, you need specific iden-
tification adapters and devices, which aren’t cheap. Cameras are the only unique
equipment needed for this project, which can be found on most laptops. This
project is focused on human-computer interaction since the machine will detect
and carry out a manual instruction thanks to a software, a trained model. Interac-
tion between humans and computers (users) is the subject of Human-Computer
Interaction (HCI), which is a study of computer technology design and usage.
For human-computer interaction (HCI), researchers look at how people interact
with computers and build technologies that allow for new ways of interacting with
computers.

Human—computer interaction (HCI) is a nexus of multiple disciplines, includ-
ing computer science, psychology, design, and media studies. "Human-computer
interaction" is a concept coined by Stuart K. Card, Allen Newell, and Thomas
P. Moran in 1983. Carlisle was the first to employ it in 1975. According to
the phrase, multi-use computing means that unlike other tools with particular
and restricted purposes, open interaction between the user and the computer is
commonplace in multi-use Fomputing. As a theoretical analogue for hlfman-to—
human interaction, the notion of conversation treats human-machine interaction

with human-to-human contact [18].
With the OpenCV library in PyCharm’s environment, this project is created
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in Python and provides assistance to Python function writers. Integrated devel-
opment environment for Python programming language, PyCharm, is available.
Debugging and unit testing frameworks are supported as well as code analysis
tools. Based on the IntelliJ IDEA platform, JetBrains has created PyCharm.

Python is a general-purpose, high-level programming language that may be
interpreted. The use of extensive indentation is a key part of its design philosophy,
which prioritizes code readability. [20].

OpenCV is an open-source computer software library for computer vision.
OpenCV is aimed to offer a standard infrastructure for computer vision applica-
tions and to facilitate the usage of machine sensing in commercial goods. As a
BSD-licensed project, OpenCV enables businesses to use and alter the code cites18
with relative ease. OpenCV is able to work with images, photographs, and cam-
eras, among other things. The base architecture of the project are represented
by(Figure 3.1):

- Camera part

- Detection part

- Recognition part

- Interface part

M Rrecognized P RN L (e i

gesture  [HEA Frontend

Figure 3.1: Basic Project Architecture

3.0.1 Camera part

This module is responsible for connecting and capturing input from the various
types of image detectors before sending it to the detection module in the form of
frames for processing. Common input capture technologies include data gloves,

hand belts, and cameras. In our system, both static and dynamic motions are

recognized using the built-in camera, which is cost-effective. The system has the

capability to accept input from a USB camera, however the user would have to

17



incur additional costs. The acquired picture frames are in the form of a video.
There is a code to play the video, but its value is 0, indicating real-time video

and camera play.

3.0.2 Detection part

This module performs image processing operations. The output of the camera
module is subjected to a number of image processing techniques, including color
conversion, noise reduction, and thresholding, before contour extraction. If the
picture has flaws, the gesture is identified beneath the convex faults. If there are no
faults, the pictures are categorised for gesture detection using the Haar cascade. In
the event of dynamic gestures, the detecting module performs the aforementioned
actions: If Microsoft PowerPoint is loaded with the slideshow feature enabled and
the webcam detects continuous palm movement for five frames, dynamic gesture

scanning will be recognized.

3.0.3 Recognition part

This module is the project’s primary component. There are several ML and NN
training and testing algorithms. Training a model entails just learning appropri-
ate values for all weights and biases from annotated examples. There are both
supervised and unsupervised ways of learning. In supervised learning, a machine
learning algorithm constructs a model by analyzing a large number of instances
and searching for a model that minimizes loss; this method is known as empiric
risk reduction. Unsupervised learning is a technique for machine learning in which
the user is not required to monitor the model. Instead, it enables the model to
discover previously unnoticed patterns and information on its own. It mostly
deals with unlabeled data. This is supervised learning since it includes attributes

and markings in addition to the gesture type.

3.0.4 Interface part

Hand gestu'res are mapped to their c9rresponding actions in this module. In

addition, these activities are sent on to the appropriate application There are three

windows on the front of the house. The video input from the camera is displayed

18



in the first window, along with the name of the gesture that was identified. In the
second window, you can see the picture contours as they were originally drawn
up in the first. The third window displays a smoothed-out interpretation of the
image. Because the user is made aware of background irregularities that may
impede system access, he or she can adjust the camera web on your laptop or
desktop to avoid these issues. Better results will follow as a result of this.

CV devised the fundamental concept for this project. For instance, it aids in
detecting hands, playing frames, video frames, dividing video into frames, and lo-
cating hand signals. CV is a subfield of Al that enables computers and systems to
extract meaningful data from digital photos, videos, and other visual input - and
then take action or make suggestions based on that data. If Al enables computers
to think, then computer vision enables them to see, observe, and comprehend [16].

CV provides trained library models to developers. For example, CV has pro-
duced facial recognition library collections. For instance, MediaPipe was first
created for facial identification by identifying facial landmarks. The concept of
hand discovery emerged following the detection of facial landmarks, face meshes,
etc.

In addition, they utilize ML techniques to train and evaluate models. Why is
a trained model necessary for the project? Because there is a dataset previously
collected by researchers, but there is no ready-made system that can distinguish
two-finger orders. For this reason, a trained ML algorithm is required to trigger
this program. Numerous algorithms and their findings are utilized. Al is intelli-
gence exhibited by machines, as opposed to the innate intelligence possessed by
humans and other animals. Al exploration is described as the study of intelligent
agents, which refers to any system that is wary of its surroundings and modifies
its behavior to increase its chances of attaining its goals.

Machine learning is the study of computer programs that can improve them-
selves automatically via the use of experience and data. It is a component of
artificial intelligence. In order to generate predictions or choices without being
explicitly trained to do so, machine learning algorithms create a model using train-
ing data and sample data. In many operations, such as medicine, mail filtering,
speech recognltlon and computer vision, when it 1s dlﬂicult or 1mpossﬂ)le to de-

sign conventmnal algorithms to execute these effects on important tasks, machine

learning algorithms are utilized. [19].
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Are there more details regarding the dataset and its nature? A dataset, often
known as a data set, is a collection of data. In the case of tabular data, a data
set corresponds to one or more database tables, where each column represents
a particular variable and each row corresponds to a single record from the data
set in question. Data is a crucial component of every Al model and, in essence,
the primary basis for the current explosion in popularity of machine learning.
Due to the availability of data, scalable machine learning (ML) algorithms are
now feasible as genuine products that may bring value to a business, rather than
as byproducts of its fundamental activities. Client purchases, product appeal,
and seasonality of customer flows have always played a significant part in the
development of a corporation. Nonetheless, with the development of machine
learning, it is vital to include this data into databases. You can examine trends
and hidden patterns and make judgments based on your own data set if you have
sufficient data volume. However, despite its seeming simplicity, working with data
is more difficult since, first and foremost, it involves careful treatment of the data,
you have, from the aim of utilizing the dataset to the preparation of the raw data.

[17).
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4. Data Collection

Hand detection is a very difficult process. As a first step, a palm detector is
trained instead of a hand detector, as estimating the bounding boxes of rigid
objects like hands with articulated fingers is substantially easier than identifying
palms and fists. The non-maximum suppression approach also works well for
two-hand self-occlusion scenarios, such as handshakes, because palms are smaller
objects [1]. As a result, the number of anchors needed to simulate palms may be
reduced by a factor of 3-5 by adopting square bounding boxes (anchors in ML
language). A second method involves the employment of an extractor of encoder-
decoder features in order to make even little objects in a scene aware of their
context (similar to the RetinaNet approach). [1].

There are gesture types what the researches need:

- down

-up

- right

- left

- zoom in

- zoom out
There are many lists of frames collected manually to classify the gesture signs

with the following signs: zoom in, zoom out, right, left. Each type of hand gesture
is found using only 2 points from the hand fingers (see Figure 4.1). There are also
some faster data collection methods like to cut video by 4 frames, and collect key
points and keep them in the classified folders. There are 4 frames are accessible
for reading and setting landmarks by MediaPipe.

There i§ a requirement that the hand recognition mbdel should be read on a
horizontal surface and the distance befween hand and camera should be Im. The
hand tracking model first finds a palm and then draws landmarks of fingers where
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Figure 4.1: Hand Landmarks

MediaPipe recognition algorithms best fits for. A palm detector that operates on
a whole picture input and generates palm bounding boxes for localisation. There
are many algorithms utilized to recognize the hand and identify its landmarks: ini-
tially, a video frame is extracted. Then combine photos, generate hand presence,
and identify handedness dots and lines. (Figure 4.3). The main algorithm firstly
finds the palm, then by palm finds finger landmarks. There are five points on
the palm, four of which correspond to finger positions and one of which is located
at the palm’s base. Every finger has 3 landmarks: top side, middle, bottom side
(Figure 4.1). (Figure ?7fig:p16) illustrates how the hand landmark model acts on
bounding boxes to produce key-point localization of 21 3D hand coordinates via,
regression techniques that pass to coordinate prediction. The model develops a
consistent hand position representation that is accurate even when partial hand

visibility is available [2].

def extractImages(pathIn, pathOut):
count = 0
vidcap = cv2.VideoCapture(pathlIn)
success,image = vidcap.read()
success = True

while success:
vidcap.set(cvz.CAP,PROP_POS_MSEC,(count*lOOO))

success,image = vidcap.read()
if(not success):
break

Figure 4.2: Code for extract frames from video.
¢

. 4 :
In tHis project to recognise hand gestures, there fieeded video frames or real-
time frames. To get frames in video there was a code for dividing video into

frames. The normal frames number was four, because the every video time is
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different and some frames were not read. So, the optimal number was 4. The first
type dataset and second type dataset used these method to extract frames from
video (Figure 4.2).

. Real World Images - . >

APt e e ekt

- Feature Extractor

P e

256x256 RGB

. Handedness

Handedness

Figure 4.3: Architecture of research hand landmark model. The model has
three outputs sharing a feature extractor. Each head is trained by correspon-
dent datasets marked in the same color [8].

Overall there are several trained models perform together : A palm detector
model (called BlazePalm) that operates on the full image and returns an oriented
hand bounding box. A hand landmark model that runs on the cropped image
region defined by the palm detector and returns high fidelity 2.5-3D hand key-
points. A gesture recognizer for classification [2].

Each frame has 21 numbers of landmarks in X, ¥, 2 position. So, in general
there are 63 points. There are 252 point data for one gesture and only one ended
video motion frames, it has got from 63*4 points. All these data points help to
train a model for hand gesture recognition. For example, for “zoom in gesture”
the program will need more X, y, values from 2 points and collect them into a
one dimensional array and classify them. Also, no need to keep 252 points in
the dataset, the researchers try to make model simple and fast using only 4 x 4

points, and classification integers (0 - zoom in, 1 - zoom out).

4.1 First Type Dataset

. .
There are many videos of hand gestures: zoom in, ZoOm out, left, right, down,

up. That helps us to collect frames automatically, es
of video was 4. The program divided

but the number of frames are

different. In general the frame numbers
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it into 4 and read each frame of gesture to get landmarks of hand. Each X ¥

T}

position of each gesture is written in key-points CSV file only with “x"-position,

[}

y-position. For this experiment there are using only 2 types of classes: 1st type

- “zoom in” gesture; 2nd type - “zoom out” gesture. The representation of the

dataset is in the following Figure 4.4.

y lx1

1]
0

x2 x3
0 0.4656699896 0.6679420471 1.43E-07
0.4459566474 0.6216173172 2.00E-07
0.41309008 0.5858129859 2.03E-07
0.248724103 0.6528689861 -1.19E-07
0.4006622732 0.6006212831 1.94E-07
0.3991965353 0.5903832316 2.06E-07
0.2392995358 0.6568716168 -6.98E-08
0.2413506359 0.6552639008 -1.19E-07
0.2508418858 0.6505835056 -3.16E-08
0.2400315851  0.663644433 -4.96E-08
0.2399062961 0.65391922 -1.55E-07
0.4205651879  0.577627182 1.73E-07
0.4543712437 0.6770622134 2.59E-07
0.4180338681 0.6049672365 2.59E-07

0.248724103 0.6528689861 -1.19E-07
0.4006622732 0.6006212831 1.94E-07
0.390517503 0.5929225683 1.79E-07
0.3978922963 0.5676781535 1.47E-07
0.2508418858 0.6505835056 -3.16E-08

0
0
o
0
0
0
0
0
0
1
1
1
1
1
1
1

Figure 4.4:

Example of 0-zoom in
positions dataset file.

x4 x5 x6 x7 x8
0.435313791 0.6894289851 -0.00397437990.4129841626 0.7382674813
0.4160716236 0.6516026258 0.00013317065¢ 0.4027231932 0.7048466206
0.387958765 0.6024846435 -0.00290606916  0.373493731 0.6454461217
0.2498227656 0.6696017981 -0.01805447415 0.2429991961 0.6888879538 -
0.3765863478 0.6155281663 -0.00453025661 0.3617106378 0.65635252
0.3756053746 0.6051010489 -0.00171740155 0.3629561365 0.6456369758
0.2463079393  0.666030705-0.02198293246 0.2467184663 0.5840019226
0.2462570965 0.6599337459 -0.02310369164 0.2441249639 (0.6749482155 -
0.2481936365 0.6840232015 -0.00415551103 0.2390512079 0.7074927688
0.2439057529 0.6703468561 -0.01841712743 0.2459716201 0.6835813522 -
0.2463133335 0.6696051955 -0.02165785059 0.2429064214 0.6902439594 .
0.3967759013 0.6033682823 -0.00077187758 0.3858606815 0.6457927227
0.426425457  0.699211657 -0.00327548058 0.4108588398 (0.7530849576 -
0.3978458047 0.6218616366 -0.0016572166 0.3859153986 0.6621724367
0.2498227656 0.6696017981 -0.01805447415 0.2429991961 0.6888879538 -
0.3765863478 0.6155281663 -0.00453025661 0.3617106378 0.65635252
0.3684381247 0.6050209403 -0.00099005107 0.3546185195 0.6417354941
0.4085707664 0.5964772701 -0.01635865867 0.4098788202 0.6342664361
0.2481936365 0.6840232015 -0.00415551103 0.2390512079 0.7074927688

and 1-zoom out type gesture dataset in x

There are all x, y, z, values are in one file, not divided. This dataset was the

first experiment. The researchers have experimented and analyzed it with SVM
and KNN classifiers. The accuracy was about 0.4 and 0.2, what means the weak
result (Figure 4.5). So, this analyze claimed make research for another dataset.

The second type dataset.
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Figure 4.5: SVM and KNN algorithms result.
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4.2 Second Type Dataset

This second type of dataset was made after bad results of first typed dataset. For
this dataset firstly user should take a video. Then divide it into 4 frames and fill
out the dataset by hand the results of hand detection, hand recognition. It takes
more time, even days. In this dataset x values were in one file, y values divided
into another file, z dataset were in another file. In general, there are three files
with almost 3000 values. You can see the x dataset file in the figure below 4.6,
where all the x values of landmarks from of the frame. So, from type of dataset
the researches have got accuracy about 0.8 from KNN and SVM algorithms. Even
if the values are divided to each file, the result was almost the same. Because
in such case in the program the data frame will be one, with combined values,
because in the program the dataframe cannot be more. If you have question why,
as mentioned before the hand gesture types have values as integer and every x,
y, z values are of one type hand gesture. That’s why, every files’ values have

combined by gesture types, what was given by researcher.
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0.3708889518 04054305553 0,3992821276 0.3953082263
03814500213 0410531044 04032024175  0.307562623
03541684151, 03652522969 0.3752734363 0.3673521578 +
03657648563 0401380386 0.3896047473 0.3813711405

04412176013 0418343842 0404360852 0.4055668089 04122733474 03881377482 0.3818523788 0.389482528
04704313788 0ADG1459601 03942221999 03954261211 0.4007623404 03675432009 03620304278 0.3310124993
04329059124 0.4085700085_ 0.3957645207 03832023048 0.3955094516 0.3930574059 0.3874101937 0.3841207925
04139830172 0.3919493654° 0.3795850413 03812508801 0.3860667382  0.37084499 0.3626160324 gg:z::;i;:,
5 04009534747 03020995298 0.3921847045 03082005973 0.3850568634 03763205412 (. 4 ( ‘
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03512517214 03771697581 03695767224 0.3540348011
3655259149 0.J625340998 00656280041 03635920882 0.356330788 0.35I5648776 ;
0399474144 0379841509  0.3655259149 62 00526720537 034S0371B36 030528509 0.3722440302 0.3642677042

03540503002 03512124121 03318826973 03727217317 0.3654271662
03561358154 03513247073 03862960309 0.3747607741 03652775588
03600845036 03577570310 03877792055 03776951301 0.3606080445

0404147923 03820161223 0.368948102 0.3678408861  0.372550661 0.3050845885 0.357239306
04059427381 03837258518  0.3718451725 03720821874 0.3775572777 0.3671780063 0.3585220575
0.4110840695 0.3905284405 0.3772624731 0.3748688698 0.3776574765 0.3725649714 03624704778
04126040637 0.3912768662 0.3709184859 0.3830299973  0.3913843038 0.3739543855 0.3656657934

Figure 4.6: Example of x-dataset.

4.3 Third Type Dataset

Another type of data collection is to only segment 2 fingers from the hand. Once

the target classes are found with two fingers, it can modify and speed up the
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algorithm using fewer features. However, the MediaPipe framework offers all 25
points at your fingertips, and the complexity of finding points remains the same.
Otherwise, the memory of the dataset will be significantly reduced by about 12
times. Data set collection is simplified and ensures that the dataset fits well to
certain classes. The data collection example is done by selecting the layer for the
gesture and pressing the ’Space’ button while clicking on the frame of the hand
gesture, and the program will detect the hand and find the landmarks of the hand
gesture. The frames are converted to matrix points and the values are stored in a
temporary variable. Then, after iterations, the values are passed into the dataset
file. The program includes only recognized hand gesture values of the class. Thus,
the dataset is updated every time the user shows a new hand gesture. Models
will also be recycled. As the data increases, the accuracy of the trained model
also increases. This method of data. collection is very comfortable and efficient,
because the program reads the frame in real time and automatically divides it
into frames. The detection and recognition of algorithms will not be manual. The
user will do nothing else and the dataset and model will be trained and updated
itself. It doesn’t take much longer than collecting the first and second data sets.
The idea of using this kind of dataset collection method came about after research

that needed more data set values.

4.4 TFeature scalability. Data normalization and
pre-processing.
qualities of data is accomplished

Normalizing the range of independent variables or

by feature scaling. In machine learning, object scaling is one of the most critical

data pre-processing procedures. To increase the efficiency of machine learning

and deep learning models, algorithms that calculate distances between features

are more prone to numeric values, especially if the input is not scaled.

Normalization is the most frequent scaling approach, yet it may also be the

most perplexing.
Example. Features

e following formula is used to determine new points::
asionally between 1 and 1.

are normalized or scaled using Min-Max normalization or

[]

scaling. Th
This sets the range to be between 0 and 1, or occ

The transformation brings the n-dimensional data down to an n-dimensional unit
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Figure 4.7: Example of dataset-3.

(X - X_min)/(X_max - x_minﬂ

Figure 4.8: Normalization

hypercube, which is a geometric representation of the reduction. Normalization

is most beneficial in situations in which there are no exceptions since it is unable

to deal with them.
The process of transforming characteristics into a 7-score involves first remov-

ing the mean from the total, then dividing that number by the standard deviation.

The Z-score is the name that most people give to this number.

When the data follows a Gaussian distrib

cial. However, there is no guarantee that this is the case. In terms of geometry, it
- - )

os the mean vector data from the original t

1110V

X_new =

(X - m

gean)/Std

Figure 4.9: Standardization

ar

ution, normalization might be benefi-*

o the origin, and it either replaces



or extends the points depending on whether or not the accompanying standard
deviation is 1. It is clear to us that all we need to do is alter the value. In a nor-

mal normal distribution, both the mean and the standard deviation are always
normal, which means that the form of the distribution is unaffected by either
value.

The absence of a predetermined range for the modified characteristics ensures
that outliers have no impact on the normalization process.

As a result of the photographs having varying scales, the normalizing approach
is utilized in this piece of writing. For the target classes, the range of the x, v,
and z coordinates is somewhat far. The normalization procedures cut the amount
of time needed for model training significantly.

The following is an illustration of the final output of the program that was

discussed before, which can be seen in the screenshot.

[[0.11785113 0.1767767 0.29462783 0.35355339 0.41247896 B.23570226

0.4714B452 8.41247896 0.35355339]

Figure 4.10: Normalization example
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5. Algorithms

The dataset were collected from three typed methods and it has hot from video
and real-time case. Every video divided into 4 frames. There where hand detection

and hand recognition algorithms.

WPalm detector %‘

A
Frame #1 mage »  Hand ‘_J Gesture
| Landmarks | | recognizer
e  Hand 8B
1 )
Frame #2 mage > Hand | Gestt{re
’i Landmarks 5 recognizer
i .
! i
Frame #3 mage , Hend 1 Gesture.
i Landmarks . recognizer

Figure 5.1: Main Algorithm of Hand Gesture Recognition

5.1 Image Processing

5.1.1 Noise removal and Image smoothening

Frame in RGB color, converted to BGR color frame. It is cropped to the di-
mensions of 300 pixels by 300 pixels in the RGB color space from the original
image. Afterwards, it’s turned into a grayscale picture. Cropping and grayscale
conversion of an RGB picture as an input Webcam images are often plagued with
noise, which may be characterized as arandom change in brightness or color infor-

mation. This noise should be eliminated from the image since it is unappealing.

A Gaussian filter is used in this process. With each point in the input array,
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the Gaussian kernel is rotated by the same amount. The output array is then

constructed by adding the elements.
Playing real-time video in a live frame window is as simple as the code shown
below. (Figure 5.2).

MmiN_Tracking_conildence=v.o) as hands:
. while(True):
ret, image = cap.read()
if not ret: # Image was not successfully read!
prant{'\rio image! Is a webcam available?', '', end='')
continue

ravi_frame = copy.deepcopy(image)

# frame_count += 1

image = cv2.flip(image, 1)
image_height, image widt . = image.shape
hand_movements. draw_meuse_rectangle{image)

Figure 5.2: Code For Reading The Real Time Frame.

5.1.2 Thresholding

Thresholding is a straightforward segmentation technique. To convert a grayscale
image to a binary image, a threshold must be applied. Each pixel’s intensity (I)
value is compared to a preset threshold value using the thresholding technique (T).
If it’s not, a white pixel is used in its place. We utilized a threshold value (T) of
127 to categorize grayscale picture pixel intensities. If a pixel in an image exceeds
the threshold value, the maximum pixel value of 255 is utilized. Inverted binary
thresholds and Otsu’s thresholds are two types of thresholds that may be used in
the implementation. There are white pixels set at maxVal when a binary threshold
is inverted. Otsu’s approach was handed down to us by Nobuyuki Otsu. Using
clustering, we may derive an image threshold. In the case of a bimodal picture,
the histogram has two peaks, and Otsu binarization uses this information to
automatically determine the threshold value. See if you can locate a cutoff point
in Otsu’s approach that has the least intradiametric variance (variance within the
class).

It is possible to repeatedly calculate the probability and the average of the
class. This might result in a useful algorithm. A threshold was applied to the
binary picture before the edges were discovered in order to improve accuracy.
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513 Contour Bxtraction

There are many applications for contours in image processing. To distinguish
the hand from its surroundings, our frameworks relied on contours. Curves that
link points of the same hue in a straight line are called contour lines. OpenCV’s
initial step in detecting a white item against a dark backdrop is determining the
contour. As a result, the threshold was created using an inverted binary threshold.
Afterward, the contours may be utilized to design any form if the boundary points

have been established.

5.2 MediaPipe Library

MediaPipe Hands is a high-fidelity solution for tracking fingers and hands. It
infers 21 3D hand landmarks from a single picture using machine learning. While
sophisticated techniques of today rely mostly on powerful desktop systems for
inference, our method achieves real-time performance on smart phones and may
even be used by a large number of individuals.

MediaPipe Hands employs a machine learning (ML) pipeline comprised of
many models operating in concert: a palm identification model that operates on
the entire picture and provides a hand-directed bounding box. The palm landmark
model acts on the picture region recognized by the palm detector and delivers 3D
palm markers with excellent fidelity.

The one-shot detector model tailored for real-time mobile application detects
the starting locations of the hand in a manner similar to the face recognition
model in MediaPipe Face Mesh. Hand identification is a difficult task: both the

light model and the complete model must function on varied hand sizes at a big

scale (20x) to the image frame and be able to recognize hands that are stuck and

self-clogged. While faces exhibit high-contrast patterns, such as in the eye and

' atter ; makes their recognition
h regions, the absence of such patterns on hands i g |
lone reliable. Vision is rather challenging. Rather, supplying
human characteristics, facilitates the

mout
hased on feature a
extra information, such as arm, body, or
identification of accurate hand position.

¢
stacl
This strategy addresses the aforementioned obsta .
the bounding boxes of hard objects such as

es using a variety of ways.

It is significantly simpler to estimate
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palms and fists than it is to recognize the hand with knuckles and fingers. In ad-
dition, because the palm is a smaller item, the non-decimal suppression approach
is also effective for two-handed self-matching, such as handshakes. Alternately,
palms can be represented using square bounding boxes (anchors in ML parlance)
while disregarding other aspect ratios, hence lowering the number of anchors by a
factor of 35. Secondly, even for small objects, an encoder-decoder feature extrac-
tor is employed to improve context awareness (similar to the RetinaNet approach).
Minimize the loss of concentration during training owing to large-scale variation

in order to accommodate a large number of anchors.

results = hands.process(cv2.cvtColor(image, cv2.COLOR_BGRZRGB))

# Print handedness and draw hand landmarks on the image.
print('Handedness:', results .multi_handedness)
if not results.multi_hand_landmarks:
continue
image_height, image_width, _ = image.shape

annntated imana = imama ~anwid

Figure 5.3: Code For Draw Handedness and Finding Landmarks

After the palm has been found in the whole image, our posterior palm land-
mark model finds the key points of the 21 3D coordinates of the knuckles in the
hand regions found by regression. This is a direct match prediction. The internal
hand posture learning approach is suitable with partially visible and self-occlusive
hands and is incredibly resilient.

To obtain ground truth data, manually mark 30K photos of the actual world
with 21 3D locations. To better understand various hand postures and give extra
monitoring of the nature of the hand shape, a high-quality synthetic hand model
should be created across a variety of backdrops and lighting conditions. Figure
5.4 illustrates this process. Al Infrastructure for Hand Tracking

_ BlazePalm is a form of palm detector that operates on the whole picture and
provides an orientated hand bounding box.

- A palm marker model operates on the pictur

and returns 3D palm markers with excellent fidelity.
d keypoint profiles into a distinct set

e region cut by the palm detector

A gesture recognizer sorts pre-calculate
' []

of motions. ' '
This design resembles that of our newly revealed facet mesh ML channel and

other channels used for camouflage estimates. Providing accurately cropped palm
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palm picture that has been precisely cropped to the hand landmark model greatly
minimizes the requirement for data augmentation (e.g. rotations, translations,
and scaling) and enables the network to devote the majority of its resources on
the accuracy of coordinate prediction. Choose the category that best corresponds
to the given options.

The KNN algorithm saves all available data and scores a new data point based
on its similarity to other data points. This implies that fresh data may be easily
categorized into a suitable category using the K NN method.

The KNN method may be used for classification and regression, however it is
primarily employed for classification tasks.

The KNN method is non-parametric, meaning it makes no assumptions about
the underlying data.

K-Nearest Neighbors (KNN) is a basic, supervised machine learning technique
that may be used to both classification and regression tasks. It is simple to con-
struct and comprehend, but as the quantity of the data used rises, its performance

becomes much slower.

KNN Classifier

Input value

Figure 5.5: KNN Classifier

Assuming KNN as a classifier, it begins by calculating the distance between

your query and all the data instances, then picking out the K examples (or closest

ones) that come closest to your query. Finally, it either votes for the most frequent

label, or averages all the labels (in the case of regression). The KNN algorithm

rediately informs us, "Tell me your pals, and I'll tell you who you are."

im .
and test modules. To train and evaluate
]

Train algorithms contain both train
the model, the dataset should be separ
tions 80% and 20%. The code below pa

ated intq two sections with the propor-
rtitions the dataset into train and test

sets.(Figure 5.6).
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# train test split

Y = df['y'].values
xcols = Tist{df.columns)
#xcols. remove('hand')
xcols. remove('y")

X = df [xcols].values

#X = np.nan_to_num(X)

#Y = np.nan_to_num(Y)

#df.replace(np.nan, @) -

X_train, X_test, Y_train, Y_test = train_test_split(
X, Y, test_size=test_size, random_state=42)

print(f'Train Size {len(X_train)}')

print(f'Test Size {len(X_test)}')

Figure 5.6: Train and Test Values Of One Dataset

5.4 Support Vector Machine

The term "support vector machine" refers to an approach for supervised machine
learning that can be applied to problems involving classification as well as re-
gression. However, its primary application is in categorization difficulties. In the
SVM algorithm, each piece of data is represented as a point in n-dimensional
space (where n is the number of features you have), with the value of each feature
being the coordinate specificity value. Then, we classify the data by locating the
hyperplane that best separates the two classes. How does the algorithm function?

Determine the proper hyperplane: Here, there are three hyperplanes (A, B,

and C). Now, determine the appropriate hyperplane for classifying stars and cir-

cles. (Figure 5.7).

Figure 5.7: SVM Given Data
To determine which hyper-plane is best, we need to maximize the distance*
hetween the closest data point (either class) and the hyper-plane. Margin is the

. . s 8
name given to this separation. (Figure 5.8).

In comparison to A and B, hyperplane C has a larger margin than A and B.
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Figure 5.8: SVM Next Step

So we designated the hyperplane C. Robustness is a further argument to select
the hyperplane with the larger margin. If we select a hyperplane with a low rate
of return, there is a high likelihood of misclassification.

Define the appropriate hyperplane. Use the rules presented in the preceding
section to determine the hyperplane accurately.

Some of you may have selected hyperplane B since it is more lucrative than
A However, there is a solution. Before profit maximization, SVM chooses the
hyperplane that accurately classifies the classes. Here, hyperplane B contains
misclassification, whereas hyperplane A has accurately misclassified everything.
Therefore, A is the correct hyperplane.

A star at the opposite end of the stellar class resembles the class’s periph-
eral. The SVM algorithm has the capability to disregard outliers and locate the
hyperplane with the highest profit. We can therefore conclude that the SVM
classification is appropriate for outliers.

QVM is able to resolve this issue. Simply, this issue is resolved by the imple-
mentation of a new functionality. Here, we will add a new feature z = x? + 2.
By charting the points on the x and z axes.

In the preceding graph, it is important to note th

positive because z is the squared sum of both x and y. In the original plot, red
x and y axes, resulting in a lower z value,

at all z values are always

circles appear close to the origin of the

whereas stars appear comparatively far from the origin, resulting in a larger z

value. (Figure 5.9).

The SVM classifier makes it easy to have a lingar P
arises to manually include this option

lane between the classes.

However, any other pressing question that
No, the set of SVM rules includes a method known as the

for a hyperplane.
dimensional input space

kernel trick. The QVM kernel is a feature that turns low-
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Figure 5.9: SVM Result Data

into higher-dimensional input space, or low-dimensional input space into higher-
dimensional input space. It is frequently advantageous in nonlinear separable
problems. Simply simply, it performs a number of exceptionally sophisticated
data transformations and then exposes the method to divide the information
relying on the labels or outputs they’ve specified.

A SVC code exists for training a dataset. It trains with and without pipeline.
The dataset is separated into X train and Y train, and the scaler is a Hand-
PoseTransform. According to scikit-learn, the definition of the pipeline class is
to progressively apply a set of transforms to the final estimator. The pipeline’s
intermediate phases should apply fit and transform approaches, while the final

estimator should implement fit.

# Train SVC inside of a Pipeline
scale_hands = True
if scale_hands:
svc_model =
{'scaler
('svc', SVC(C=1, kernel='linear', random_state=42))
1)

else:
svc_model = SVC(C=1, kernel='linear', random_state=42)

print(f'Training SVC with {len(X_train)} tuples...')
svc_model. fit(X_ train, Y_train)
print(’Train Completed', end='\n\n')

Figure 5.10: SVM With Pipeline Code For Train



5.5 Neural Networks Algorithm

The human brain serves as an inspiration for a type of computer model known
as an artificial neural network. Recent years have seen a great deal of progress
achieved in the field of artificial intelligence. These advancements include voice
recognition, picture recognition, and robotics that make use of artificial neural
networks. Artificial neural networks are computer simulations that are inspired
by biological systems and are used to carry out a variety of activities. Some
examples of these tasks include the following:

- Clustering stage

- Classification stage

- Pattern recognition stage

neurons already existent in the human body, including the brain and various
organs and tissues. A series of algorithms called neural networks confirms the un-
derlying links in a data set in a manner that is analogous to how the human brain
operates. The input may be improved with the assistance of neural networks,

which in turn allows the network to provide superior output v\{ithout requiring

the procedure to be redesigned.

Figure 5.11: Ne.ural Networks Algorithm

The field of research known as pattern recognition examines how computers

; . tiote patterns of interest from the
W monitor their surroundings. learn to differentiate patterns of interest
ca heir -

38



background, and then make conclusions that are logical and acceptable regarding
the categories that the patterns fall into. Fingerprint pictures, a handwritten
text, a human face, or an audio signal are examples of patterns. Recognizing a
given input pattern entails the following steps:

Supervised classification is concerned with the input model’s membership in
a preset class.

Classification without supervision involves assigning a pattern to an unknown
class. Therefore, this recognition problem is mostly a classification or catego-
rization work. Typically, the design of pattern recognition systems includes the
following three components:

1. Data gathering and pre-processing

2. Data representation

3. Decision Making
In conclusion, the code contains an algorithm that compares the values of
accuracy, Fl-score, and errors of the trained model to determine the optimal

parameters and model for it.

# Get Best Parameters
best_parameters_svc = svc_model_optimized.best_params_

del svc_model_optimized, predict_optimized_svc_model

print('Best Parameters:')
print(best_parameters_svc, end='\n\n')

Figure 5.12: The code for finding the best trained model.

There are below codes are for test the model. First it calls the hand detect
algorithm, detects the hand landmarks. Then call the trained model, which saved

in pickle format and recognises the hand gesture (5.13).
The below code is finding the landmarks and draw them in real team on hand

frame, and shows the parameters for the hand gesture recognition (Figure 5.14).

5.6 Deep Learning

Deep learning is a model based on machine learning that asks computers to ‘ac-

complish tasks that a person would likely perform. Deep learning, for example, is
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hand_detect = HandDetect(detect_threshold=args.detect_threshold)
hand_pose = HandPoses(pose_threshold=args.pose_threshold,
name_classifier=args.path_classifier)

hand_movements = HandMovements(screen_proportion=args.screen_proportion, len_
delay = Delay(hand_pose.classifier.classes_, moving_average=args.moving_averad

cap = cv2.VideoCapture(Q)
# start_time = time.time()

Figure 5.13: Hand Detect and Hand Recognition Codes.

for {pose, confidence}, (lm, mp_1lm) in hand_detect.c and{hands=hands,
ge=raw_frame,
d_pose=hand_pose,
delay=delay):
if args.show_lm:
hand_detect.mp_drawing.draw_landmarks(
image, mp_lm, hand_detect.mp_hands.HAND_CONNECTIONS)

if pose is not Nene:
cv2.putText(image, f'{pose}: ({confidence:.27}}",
(30, 30), cv2.FONT_HERSHEY_SIMPLEX, 9.7, (@, 255, 188), 2)

hand_movements.execute movement(
pose=pose, lm=1m, delay=delay, frame=image}

else:
cv2.putText(image, 7"'Idle", (38, 30)
cv2,FONT_HERSHEY_SIMPLEX, 9.7, (@, 255, 128), 2)
if delay.ignore_frames:
cv2.putText(image, f"Position locked", (38, 60},
cv2. FONT_HERSHEY_SIMPLEX, ©.7, {255, @, 108}, 2)
10) & @xFF)

image = cv2.resize(image, (int{image width = .6},
int{image_height + .6)}, interpolation=cv2.INTER_AREA)

Figure 5.14: Code For Showing The Landmarks and Hand Recognition Parame-
ters.

a key component of autonomous vehicles’ ability to detect traffic signals and peo-
ple. Sound and speech recognition in numerous gadgets, such as mobile phones
and tablets, are based on this principle. For the first time, deep learning can
do tasks that were previously impossible. Images, text, and audio may all be
used in the deep learning model since the classifiers used are so tiny and diverse.
An Al system may provide results that are almost human in accuracy and even
transcend human speed. Huge datasets and machine Jearning approaches such as
CNN or ANN are used to train these models, which comprise a large number of

In machine learning, the system demonstrates how to appropriately

classifiers.
e accuracy of deep learning algo-

apply the model to visuals, audio, and text. Th
n better than that of humans. Artificial neural systems with huge

rithms is eve _
be created using these models, which are based

classes of categorized data may
. . . . .
on the input data. User expectations may now be met with increased accuracy

ecision thanks to deep learning. Autonomous vehicles, for example, make

and pr
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good use of it. In recent years, advances in artificial intelligence have shown that
it can even surpass humans in the classification of photographs. A vast amount
of categorized data is needed for deep learning. Develop, for example, hundreds
of thousands of photographs and movies of autonomous autos. In order to master
deep learning, you will need an enormous amount of energy. Equivalently built
high-performance GPUs capable of deep learning. As a result of cloud computing
and clusters working together, it now takes less time than previously.

5.7 Convolutional Neural Network

A convolutional neural network, often known as a CNN, is a specific type of arti-
ficial neural network that was developed with the express purpose of doing image
recognition. A patterned hardware or software system may be used to create a
neural network, which is responsible for monitoring the activity of neurons in the
human brain. CNN is also described as a distinct category of multi-layer neural
network, and each layer of a CNN uses a function to convert one level of activa-
tion into another. Deep learning makes use of a specialized architecture known
as CNN. CNNs are frequently utilized for a wide variety of tasks, including the
recognition of scenes and objects, image identification, extraction, and segmenta-
tion. CNNs may be broken down into two distinct phases: the formation phase
and the inference phase. Convolutional layers, group layers, and fully connected
layers are the three primary types of layers that are utilized in the process of
developing a. CNN-based architecture. The first layer of the CNN is a composite
layer, which serves as the primary component of the network. It applies a number
of filters to a particular image and generates a variety of distinct trigger charac-
teristics in the image. The output will be determined by the size of the window,
while the input will come from the nonlinear activation. The final layer has all
of its connections made, and this is the layer in which the target is defined to

decide the kind of the final output. The picture data is learnt directly from the

CNN as a result of the three layers, which remove the necessity of manually ex-

tracting features using various 1mage processing methods.
s of the reconnaissance are original and that it is simple to retrain 1t
y on the network that

CNN makes sure that

the finding |
for new reconnaissance missions while still allowing it to re

was there before. The significance of the usage of CNNs in the past few years
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may be attributed to all of the following considerations. It is possible for the
CNN to successfully capture a picture as long as the appropriate filter is applied
to the time and space dependency of the image. When the amount of the input is
increased, a neural network that contains completely connected neurons will see

a rapid growth in the number of parameters, also known as weights.

5.8 Summary

In this chapter, the image processing model methods are explained. Image pro-
cessing is the application of specific procedures to an image. The CNN technique
is used in image processing to analyze the hand’s structure. Using neurons in
deep learning algorithms, photos are appropriately identified and passed on for

processing, and palm and finger points are recovered.
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6. Results and Discussion

Skeletal data is used to recognize hand gestures. For example, in the figure 6.1,
an animation of the hand can be seen as an animated time series of the skeleton’s
movements. It illustrates the gesture sequence’s hand movements and shapes.
For every image t in a sequence, the camera space positions of each match are

represented by three coordinates, e.g. . ji(t) = [x.i(t) y.i(t) z.i(t) |. The skeleton at
frame t is represented by the 3N.] dimension row vector, where N.j is the number

() = [ 1a(£) 31 (8) 21(E) e 20 (8) Y () 20 ()

Figure 6.1:

of joints constituting the hand skeleton and N.f is the number of frames in the

uence. The final representation of a sequence is a matrix with the dimensions

seq
N.f 3N.j, where each line t corresponds to the row vector s(t): This new data

- s(l) -
JM = :

|s(NF).

Figure 6.2:

type stores a greaf deal of information regarding the motion and shape of the
hand on the string. To properly describe the gesture, we propose capturing the

modification of the hand’s shape according to the skeleton’s joints, as well as the

motion direction and rotation of the hand in space, using three unique features.
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separate. There are six hand gestures: swipe right, swipe left, zoom in, zoom out,
up, down.

Initially, they tested the KNN algorithm, SVM. The first SVM has an accuracy
of 0.4 and a KNN of 0.22. The decision was to go deeper and modify the algorithm
for the best classification. It is believed that the results of KNN are too bad,
because of fewer data sets. To increase the likelihood, they decided to focus on
two goals for classification: zoom in and out. The best results are obtained from
the Deep Learning algorithm. As expected almost perfect for 2 layers, zoom in
and out. Good accuracy in an ideal environment (same person, from a trained
dataset) shows better than 90% accuracy. They used a powerful Keras framework
for training and prediction. Keras is a Python-based API for deep learning that
runs on the machine learning platform TensorFlow. It was created with the goal

of facilitating rapid experimentation. This is an example of our training model,

(Figure 6.3).

model = tf.keras.models.Sequential([
tf.keras.layers.Input((16, )),
tf.keras.layers.Dropout(6.2),
tf.keras.layers.Dense(20
tf.keras.layers.Dropout(8.4),

tf.keras.layers.Dense(5,

tf.keras.layers.Dense (NUM_CLASSES,

1)

model.compile(

Figure 6.3: Prediction Model

The results obtained from the training Deep Learning model was pretty good

from the 30 epochs:

.Epoch 1/1000 1/27 [ ——— | - ETA: Os - loss: 1.1295 - accuracy:

0.3203

Epoch 00001: keeping,/saving model to model/classifier/ classifier.hdf5
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27/27 [z=============================| - 0s L1ms/step - loss:
1.1004 - accuracy: 0.3602 - valloss: 1.0431 - valaccuracy: 0.5220

Epoch 2/1000

1/27 [ | - ETA: Os - loss: 1.0440 - accuracy: 0.4844

Epoch 00002: keeping/saving model to model/classifier/classifier.hdf5 27 [27 [====
- 0s 3ms/step - loss: 1.0503 - accuracy: 0.4297 - valloss: 0.9953 - valaccuracy:

0.6397

Epoch 3,/1000

1/27 [ ] - ETA: 0s - loss: 1.0043 - accuracy: 0.5312

Epoch 00003: keeping/saving model to model /classifier/classifier.hdf5 27/27 [====
- 0s 4ms/step - loss: 1.0210 - accuracy: 0.4582 - valloss: 0.9545 - vaaccuracy:

0.6523
Epoch 4/1000
1/27 [> e | - ETA: 0s - loss: 0.9503 - accuracy: 0.5625

Epoch 00004: keeping/saving model to model/classifier /classifier.hdf5

Epoch 28/1000
Epoch 00028: keeping/saving model to model/ classifier /classifier.hdf5
Epoch 29,1000 29/29 [==:::=-_—:=:=:==:=-_-:::====-_-__-=:::] - 0s
3ms/step - loss: 0.6833 - accuracy: 0.7196 - val;0ss : 0.3877—wvalsccuracy : 0.9390
The data used for testing model are 2 points from fingers, for train and future
prediction (Figure 6.4).
There is a test result for zoom in: [9.95287 —011.1321—022.99215—-044.11445—
05, 5.77433—011.11211].—022.23282166—046.61917996—05, 3.005e—011.639245—
022.2328216e—044.6191799¢—09, 3.8105639¢—011.02—022.2328216¢—048.90012—
05],0 — zooman
Firstly, to create the best model, data collection plays a key role, so a simple

scenario developed in the project will make it easy to collect categorical

collection
time by pressing the space button. The second

data, while data is collected in real

major impact of the script is to pr
diately. Hand gesture recognition is found using

learning. The effectiveness of the

event false positives from retraining the model

by adding a new dataset imme

well-known classification algorithms in machine

method was evaluated on the hand image dataset. Experimental results will be

' » research approach.
presented after the research appr
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Figure 6.4: Zoom in hand gesture detection with the two fingers.

The performance of their method will depend heavily on the results of hand
detection on a horizontal surface and the collected data set. If there are moving
objects with similar skin color, the objects persist in the hand detection results
and then degrade the performance of hand gesture recognition as in previous
works. That’s why it’s better to write the wrapper function in a separate main
and then pass the copy of the new image to the MediaPipe. The researchers hope

that in the future, machine learning methods and 2D cameras can be used to

solve the complex background problem and improve the hand detection problem.

For future research: should add horizontal hand gesture logic recognition and add

some algorithm, by learning, to make it smarter.
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model.Tit(
X_train,

y_train,

=178 .
=(X_test, y_test),
=[stop_callback]

Figure 6.5: Model fit

Confusion matrix
hees

e

Actual

Predicted

Figure 6.6: Confusion matrix for Deep Learning model.
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7. Conclusion and Future work

7.1 Conclusion

In this study, the authors addressed many challenges related to the recognitio

of dynamic hand gestures from numerical data, a topic that has been intensiveln
studied due to its wide range of applications. Initially, they intended to do dy}j
namic hand gesture detection on a heterogeneous set of gesture types extracted
from video or real-time photos. Indeed, the hand is a complex topological entity.

There are an endless number of ways the hand can perform the same move. In

human-computer interaction programs, for instance, the use of hand movements

to control pan and zoom 18 prevalent. In order to execute a comprehensive recogni-
tion procedure, it is necessary to consider the shape of the hand and the variations

in its movement throughout a gesture. The standard number of frames is four, as

the duration of each movie differs and certain frames are skipped. Thus, four is the

best number. There are indicators and finger locations at the end of the process

that can be used to recognize hand motions from animation (list of key points)

and execute certain commands. In addition, the MediaPipe framework proposed a

real-time system for extracting the 3D locations of a human skeleton from a depth

n the field of gesture and action detection. Some of the symbols mentioned

image i
d orientation of the joints

in the literature suggest that the position, velocity, an
n serve as appropriate descriptive symbols for characterizing human actions.
to conduct dynamic hand gesture recog-

nition using the properties of the hand frame, as depicted in the figure’s finger

and palm points. Because hand gesture recognition employing skeleton features

.- . .
is in its infancy. As a result,‘they
ining the han

ca.
Following these principles, we attempted

developed an algorithm that collects a Hand

d skeleton sequencing of specific photos. First,

Gesture dataset conta
|, thus a simple collect-

is essential for developing the best mode

data gathering
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ing scenario designed during the project will make it simple to collect categorical
data, while data is taken in real time by pressing the space bar. Adding a new
dataset immediately prevents false positives from retraining the model, which
is the second main effect of the script. Hand gesture recognition is discovered
utilizing well-known machine learning classification algorithms. On the basis of
the hand picture dataset, the method’s efficacy was evaluated. The experimental
results will be provided following the study methodology. To evaluate the diffi-
culty of recognition from a diverse array of motions, participants were instructed
to produce gestures utilizing both one finger and the entire hand. They devised
a method for recognizing dynamic hand gestures utilizing three gesture param-
eters computed from the skeletal hand sequence: finger directions from known
finger points. Using the skeletal properties of the fingers and palm for hand ges-
ture identification is shown to have a bright future based on an evaluation of the
approach. The evaluation findings illustrate the efficacy of our method for image-
based granular descriptors. However, the results also demonstrate an inaccuracy
in representing the dynamics of complicated hand motions when compared to the
feature learning capabilities of contemporary deep learning techniques. Each type
of data set employs the NN, KNN, and SVM methods. The findings for accuracy
vary, and the precision number is less than 0.8, which indicates a low result. Using
a Deep Neural Network technique, the optimal precision value is close to 0.90. All
of these methods are required to train a model, evaluate it, and identify gestures.
Recent research has revealed the exceptional efficacy of deep neural networks in
pumerous fields of study. This is because deep learning algorithms rely on the

specific data provided, and as more and more data is uploaded, the effectiveness of

the systems improves. However, it is tough to comprehend, therefore they made

data collection extremely user-friendly and developed two ways for data collec-

tion. First, they offer a recognition solutio

presence of a gesture in an unsegmented Vi
city required for practical applications.

n that enables the system to identify the

deo stream and recognize the gesture

type before the video concludes, a capa
Second, they managed the entirety of the recognition process, from hand posture
assification, and used the ability of deep learning models to

estimation through cl |
The final frame is mostly com-

Lm’s efficiency and robustness.

improve the syst ‘ cor
and extract relevant hand characteristics

.posed of three steps. First, they read

frame using MediaPipe. The test results have demonstrated that the

from the

49



suggested method is capable of recognizing hand motions and outperforming cur-
rent methods. In addition, studies have demonstrated that the new framework
can detect the presence of a gesture and recognize it well before it ends, making
our system efficient for real-time applications with other users. Using a transfer
learning strategy enables us to surpass contemporary deep learning techniques
while employing fewer parameters than the base model. However, they have not
yet mastered human performance, as motions with striking similarity still display

perplexity.

7.2 Future works

Their system’s performance will depend heavily on the outcome of manual dis-
covery on horizontal faces and settled datasets. Nonetheless, if there are moving
items with the same color as the skin, like in the previous workshop, the presence
of these things degrades the performance of the hand gesture detection algorithm.
Therefore, it is preferable to construct a wrapper function that separates the hand
and passes the duplicate of the new picture to MediaPipe. The researchers an-
ticipate that in a future workshop, machine literacy styles and 2D cameras will
be utilized to address the complex background problem and improve the hand

detection difficulty. Future investigation should include horizontal hand gesture

recognition and the addition of some algorithms to make it smarter through train-

The paper samples demonstrated that the suggested solutions ensure an

ing.
pass human perfor-

effective recognition of dynamic hand gestures, but do not sur

mance. First, the study of hand gesture identification employing temporal learnt

characteristics on sequences of hand finger and palm points is insufficient. High-

parallelism movements may be distinguished in novel ways if temporal modeling

is refined by include intermittent layers. For instance, the system may automati-

tify the fritters that produce the most reliable data and focus on them

lly iden
calty t the MediaPipe algorithm must be

to do gesture recognition. It indicates tha

more scalable. They continue to struggle with collisions involving rapidly moving

hands or fingers. . |

¢



7.3 Suggestions for the next steps

After conducting all the trials and reviewing the results, the following recommen-
dations are made for future research:

- Increase the number of hand gestures to include all typical motions, such as
left click, right click, hold, and more, in order to create a strong role model for
those who have suffered a stroke and are unable to perform such duties. These
gestures can be simply learnt to improve interpersonal communication.

- Implement alternative deep learning algorithms, such as RNN, because the
data utilized in the current testing may be useful. A comparison of the impact of

CNN and RNN on training and testing precision.
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