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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, devices 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 converting 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 landmarks 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.

Keywords: CV, ML, MediaPipe, hand gesture, BGR, RGB, human-computer interaction.

Introduction

It is well-known that CV is implemented in a daily life, and vision-based technology as
hand gesture recognition is one of the most important part of human and computer interaction.
Nowadays, there are some projects basic interactions between human and computer using sensor
display, touch screen, keyboard and mouse, but in other cases, quick development of hardware and
software, new types of human-computer interaction methods have been required, because not
everyone have these kind of opportunities. That’s why in this project take attention to this problem
and try to help people with disabilities, because here is some research of working only single
camera on computer and recognition algorithms.

Gesture is a symbol of physical behavior or emotional expression. It includes body gesture
and hand gesture. It falls into two categories: static gesture and dynamic gesture[1]. For the person,
the posture of the body or the gesture of the hand denotes a kind of signal. Gesture can be used as

a tool of communication between computer and human [2]. It is greatly different from the
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traditional hardware based methods and can accomplish human-computer interaction through
gesture recognition. Gesture recognition determines the user action through the recognition of the
gesture or movement of the body parts. Nowadays hand gesture recognition projects works with
sensors, ovation, raspberry PI, etc. methods. These methods claim another devices, gadgets, but
there is not comfortable for using them in casual life.

First, the hand region is detected from the original images from the input devices camera.
Then, some kinds of features are extracted to describe hand gestures, the recognition of hand
gestures is accomplished by measuring the similarity of the feature data. The input devices
providing the original image information includes normal camera. The skin color sensitive to the
lighting condition and feature points are attended to detect and segment the hand region. One of
the first steps were recognizing a hand by finding finger indices and angles. There is MediaPipe
algorithm to help detect hand and find landmarks, drawing handedness. The best solution is the
best trained algorithm.

Literature review

In the past decades, many researchers have strived to improve the hand gesture recognition
technology. Hand gesture recognition has great value in many applications such as sign language
recognition[1-3], augmented reality (virtual reality) [4-7], sign language interpreters for the
disabled[8], and robot control [9, 10].

In [1, 2], the authors detect the hand region from input images and then track and analyze
the moving path to recognize Americasign language. In [10], Shimadaet al. propose a TV control
interface using hand gesture recognition. Keskin et al. [10] divide the hand into 21 different regions
and traina SVM classifier to model the joint distribution of these regions for various hand gestures
S0 as to classify the gestures.

Zeng et al. [8] improve the medical service through the hand gesture recognition. The HCI
recognition system of the intelligent wheelchair includes five hand gestures and three compound
states. Their system performs reliably in the environment of indoor and outdoor and in the
condition of lighting change.

The main difference of this project from other hand recognition project is working with
only two fingers, finding the gesture by these fingers commands and not only one command, which
can be solved with only one frame. The project “Gesture Hand Controller” of Luiz Henrique da

Silva Santos and Matheus Vyctor Aranda Espindola recognizes the hand command by all fingers.
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They show one command with hand, the program detects it and makes according command [11].
For example, the hand gesture “like” the big finger up - means “click”, “zoom out”, “zoom in”
command are the detect by the firstand second fingers. When the distance between fingers are big
then - zoom out, if - less, then zoom in command will be done and there is no any animation [12].
The dataset of this project is collected by MediaPipe library, also. It works with the dataset, which
contains x, y, z values in one file. That’s why it can detect in real-time frame [13].

Methods and Materials

Detecting hands is a decidedly complex task. First, there is trained a palm detector instead
of a hand detector, since estimating bounding boxes of rigid objects like palms and fists is
significantly simpler than detecting hands with articulated fingers. In addition, as palms are smaller
objects, the non-maximum suppression algorithm works well even for two-hand self-occlusion
cases, like handshakes [16]. Moreover, palms can be modelled using square bounding boxes
(anchors in ML terminology) ignoring other aspect ratios, and therefore reducing the number of
anchors by a factor of 3-5. Second, an encoder-decoder feature extractor is used for bigger scene
context awareness even for small objects (similar to the RetinaNet approach) [16].
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 as shown in the figure 12,16 (Figure 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.
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Figure 1. Hand Landmarks.
There is a requirement that the hand recognition model should be read on a horizontal
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surface and the distance between hand and camera should be 1m. The hand tracking model first
finds a palm and then draws landmarks of fingers where MediaPipe recognition algorithms best
fits for. A palm detector that works on a full input image and makes bounding boxes for palms for
localization.

There are many algorithms used to detect the hand and find landmarks of it: firstly it takes
a frame from a video. Then synthesize images, make hand presence, find handedness dots and
lines (Figure 2). The main algorithm firstly finds the palm, then by palm finds finger landmarks.
There are 5 points of the palm, which are in every finger position and one is in the bottom part of
the palm. Every finger has 3 landmarks: upper side, medium, bottom side (Figure
1).

Real World Images

21 3D Landmarks
Synthetic Images

Feature Extractor Hand Presence

256x256 RGB

Hand Presence
Handedness

Handedness

Figure 2. Architecture of research hand landmark model. The model has three outputs sharing a
feature extractor. Each head is trained by correspondent datasets marked in the same color [14].

Hand landmark model operates on bounding boxes to provide key-point localization of 21
3D hand coordinates via regression algorithms that pass to coordinate prediction (Figure 3). The
model learns a consistent hand pose representation and is still good even to partially visible
hands[15].
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 [15].
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Each frame has 21 numbers of landmarks in X, y, z 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 collectthem intoa 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).

There are many videos of hand gestures: zoom in, zoom out, left, right, down, up. That
helps us to collect frames automatically, but the number of frames are different. In general the
frame numbers of video was 4. The program divided it into 4 and read each frame of gesture to
get landmarks of hand. Each x, y 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 3 (Figure

3).

0 0.2399062961 0.2463133335 0.2429064214 0.2340668887
0 0.4205651879 0.3967759013 0.3858606815 0.3879730999
1 0.4462751746 0.4238047004  0.409937799 0.4092714489
1 0.4412176013  0.418343842  0.404360652 0.4055868089

Figure 3. Example of 0-zoom in and 1-zoom out type gesture dataset in x positions dataset file.
The another type of collecting data was getting 2 points from fingers, for train and future
prediction, which firstly gave the type of gesture then show the gesture.

Results and Discussion

esting SVC with 9 tuples...

precision recall fl-score support
0.00 0.00 0.00
0.50 0.67 0.57

1.00 0.50 0.67

accuracy 0.44
macro avg 3 3 0.41
eighted avg . . 0.49 accuracy
macro avg

eighted avg

P . 44444L4LLLLLLLLLLL

Figure 4. SVM and KNN algorithms result.
In the beginning there were tested KNN, SVM algorithm. The first SVM had an accuracy
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of 0.44 and KNN of 0.22. The decision to dive deeper and modify algorithm to make the best
classification. First part was to collect dataset using simple commands and write them
automatically to a CSV file by dividing the program into Train and Test modes. To increase the
probability, decision was to keep only one type of target classification: zooming in and out. The
best results are obtained from the NN algorithm. As the prediction was almost perfect for 2 classes,
zooming in and out. Accuracy was good in the ideal environment, showing more than 90%.
The results obtained from the training NN model was pretty good from the 30 epochs:

Epoch 1/1000

127 [>eiiiiieiic, ]1- ETA: Os - loss: 1.1295 - accuracy: 0.3203

Epoch 00001: saving model to model/classifier/classifier.hdf5

27/27 [==============================] - (0s 1lms/step - loss: 1.1004 -
accuracy:

0.3602 - val_loss: 1.0431 - val_accuracy: 0.5220

Epoch 2/1000

127 [> i, ]- ETA: Os - loss: 1.0440 - accuracy: 0.4844

Epoch 00002: saving model to model/classifier/classifier.hdf5

2727 [m=============================] - (s 3ms/step - loss: 1.0503 -
accuracy:

0.4297 - val_loss: 0.9953 - val_accuracy: 0.6397

Epoch 3/1000

127 [> i, ]- ETA: Os - loss: 1.0043 - accuracy: 0.5312

Epoch 00003: saving model to model/classifier/classifier.hdf5

2727 [m=============================] - (s 4ms/step - loss: 1.0210 -
accuracy:

0.4582 - val_loss: 0.9545 - val_accuracy: 0.6523

Epoch 4/1000

127 [> i, ]- ETA: Os - loss: 0.9503 - accuracy: 0.5625

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

The data used for testing model are 2 points from fingers, for train and future prediction (Figure
5).
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Figure 5. Zoom in hand gesture detection with the two fingers.

There is a test result for  zoom in: [9.8105639¢-01 1.8674169e-02
2.2328216e-04 4.6191799¢-05], 0 - zoom in

Confusion Matrix

Negative

True label

- 20
Positive

- 10

Predicted label
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Figure 6. Confusion matrix for NN model.

As a process conclusion, there is finger indices and positions which can help to recognize
hand gestures from the animation (list of key-points) and perform some commands. Firstly, to
make the better model, data collection plays the main role, so developed simple collection script
in the project will help easily collect classification data, while the data is collected in real time by
pressing space button. The second big impact from script is to prevent False Positive positive
results retraining the model adding new dataset on fly. The recognition of hand gestures is found
using well-known classification algorithms in machine learning. The effectiveness of method is
evaluated on a data set of hand images. The experimental results will be shown after researches’
approach.

The performance of the their method will highly depend on the result of hand detection on
horizontal surface and collected dataset. If there are moving objects with the color similar to that
of the skin, the objects exist in the result of the hand detection and then degrade the performance
of the hand gesture recognition as in previous works. That’s why it’s better to write wrapper
function to separate hand, and then to pass the copy of the new image to MediaPipe. The
researchers hope in future works, machine learning methods and 2d cameras may be used to
address the complex background problem and improve the problem of hand detection.

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

some algorithms, by training, to make it smarter.
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