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of motions from different subjects has always

Abstract — Hand gestures have been the
most prevalent means of communication, and
they are quite important feature to include
for a fully authentic humanoid robot or a
computer that is to understand humans or
understand the autonomy of our species.
They can assist in the creation of secure and
user-friendly interfaces for a huge number of
applications. For hand gesture detection,
many computer vision algorithms use colour

and &epth cameras, but effective classification

been a challenge. This proposed model uses
Google’s Media Pipe framework working
along Convolutional Neural Network to
enhance the detection of the gestures and
NumPy to handle the data. The proposed
model achieves a 98.24% accuracy and 98%
average

precision comprising 10 hand

gestures.

Keywords — Convolutional Neural Network,
Media Pipe, NumPy, Hand Gesture Recognition
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INTRODUCTION (HEADING 1)

Robotics and Artificial Intelligence have been a
tremendous game changer in understanding and
enhancing the autonomy of humans in recent
decades. The primary reason to include Al or
Robotics is to improve people's quality of life by
allowing them to do a larger range of everyday
tasks with  greater efficiency if not
automatically.

Considering Hand gesture detection, in
particular, is as a vital part of numerous
applications, particularly in Sign Language
Recognition (SLR) and Automation of various
mundane tasks.

This has led to the development of multiple
computer vision-based hand motion detection

algorithms in the previous decade. ™2,

Different attributes are utilised to recognise
gestures, like spatio-temporal descriptors I and
articulated models ™,
HMMs Bl

gesture classifying
CRFs [ and machine
(SVM) [,

classification of gestures under variable lighting

models,
learning models Nevertheless,
or exceptional conditions of having extra
fingers, or distance from the camera or multitude
of angles and from various persons remains a tip
of an iceberg (219 Authors constantly stress the
need for efficiency, so they use diverse training

examples while training CNNs [12 17, 18]

In this paper, the hand gesture detection and
classification systems are introduced which

make use of Media Pipe [*%° framework to

detect the palm on the captured frame and
positions 21 unique landmarks, collects the
positional pixel values and learns to predict,
using 2D convolutional neural networks.

For handling the data, we use NumPy nd arrays
as comma separated values for training the
neural network. While NumPy makes it easier to
handle the numeric data, Media Pipe makes it
very efficient to detect the hand/palm and detect

the gesture for classification done by CNN.
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II. FLOW OF THE PROPOSED MODEL

Live input from
Camera

Mediapipe
positions a
bounding box
around palm

Convert the
Press the value pixel
'k’ for the class coordinates
of landmarks
into numpy
arrays

Mediapipe
positions

landmarks indication to

capture frames

Save all the
numpy arrays
with the same
target class as

one gesture

The gesture in the

frame is captured

Use these
numpy arrays
for n target
classes as
dataset for cnn

The pixel
coordinates of
the landmarks

are saved as
numpy array

The numpy
array is
provided to the
CNN

CNN classifies
the gesture.

Fig 1. Flow control in the proposed model

1. METHODOLOGY

The model

efficient hand gesture classification. In Section

has uses CNN classifier for an

2.1, the using of media pipe framework to detect
the palm, position hand landmarks and detecting

the gesture is explained.

Section 2.2 shows the converting the frames to
NumPy values to be used as training dataset.
Section 2.3 shows the CNN used to classify the
gestures and the metrics of the model.

A. DATA INPUT AND PROCESSING

The input to the model is given from an attached
or inbuilt camera. The model uses Open CV
framework to process the live input from camera
to frames. The Media pipe framework uses this
input frames from Open CV. Media Pipe
framework has multiple algorithms to detect
required objects in a given image or frame. We
utilize the ML pipeline having multiple models
namely a palm detection model and hand
landmark model.

The Palm Detection Model acts on the full
image, uses a hand detector algorithm and
detects the palm and returns a cropped image of
hand in a bounded box. The Hand Landmark
Model acts on the resized image region that is
highlighted by the palm detector, positions the
skeleton on the palm consisting 21 3D hand key

points or landmarks. This cropped image
availability reduces the need for data
augmentation almost to zero while the

positioning of landmarks is scaled across wide

range of palm sizes.
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Fig 2. The hand bounding box generated by palm
detection model

*6 Q. WRIST

s M7 1. THUMB_CMC

? s |15 2. THUMB_MCP

6% 107 » #20 3. THUMB_IP

4. THUMB_TIP

5. INDEX_FINGER_MCP

6. INDEX_FINGER_PIP 17. PINKY_MCP

7. INDEX_FINGER_DIP 18. PINKY_PIP

8. INDEX_FINGER_TIP 19. PINKY_DIP

1. 9. MIDDLE_FINGER_MCP  20. PINKY_TIP
Lo 10. MIDDLE_FINGER_PIP

11. MIDDLE_FINGER_DIP
12. MIDDLE_FINGER_TIP
13. RING_FINGER_MCP
14. RING_FINGER_PIP
15. RING_FINGER_DIP
16. RING_FINGER_TIP

Fig 3. Hand Landmarks generated by Mediapipe

B. DATASET

The dataset for this model is collected as the
pixel values of the landmarks created by the
hand landmark model. The key ‘k’ was used as
key collection mode and target classes from 0 —
9. Every time the key ‘i’ is pressed, the pixel
values of the landmarks are collected as a
NumPy array values, for that class ‘i’. These
NumPy records are used to train the classifier.
Every NumPy array has the target class value as
the first input and the positional pixel values of

key points on the hand in the frame captured.

C. CLASSIFIER - CNN

The model uses a convolutional neural network
because of its capability of handling enormous
data and efficiency.

A convolutional network otherwise called a
“convnet” is a metaphoric building of a
biological network of neurons in brain that are
interconnected and perceive information. In a
way, our brains are also perceiving the outer
world and making their best choices and
predictions and act accordingly! Convolutional
Neural Networks follow a bottom top approach,
they find the simplest of patterns on a small
subset of data (like lines, curves, and so) and in
the end detect the huge patterns on the whole

data (like hands, faces, objects, etc).

e C.1. CONVOLUTION OPERATION

The process of classification occurs in a CNN is
done using two operations — Convolution
Operation and Pooling Operation. Convolution
is the operation most fundamental part of CNN;
it holds the maximum computational load of the
classification. In this dot product of the kernel
(learnable parameters) and the perceivable data
(external output) is calculated. While moving
forward in the perceivable information matrix,
the dot product produces a two-dimensional
representation, called an “Activation Map”.
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The activation map outputs the results of the
kernel at a given spatial position. The forward
movement value of the kernel is called a

“Stride”.

When considered an input whose size is C x C X
D and Doyt is the number of kernels, with spatial
size of Z and stride S and padding P, the output

volume is calculated as follows:

This produces an output of dimensions Cout X
Cout X Dout.
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Fig 4. Convolution Operation in CNN

The benefits of Convolution operation can be
summarized as follows:

= |t has sparse interactions, with the kernel
in size than the
This

smaller input for

classification. reduces the

Activation Map

calculation cost, as we only require to
calculate fewer parameters.

= ConvNet uses shared parameters, so the
weights of features remain constant
throughout the calculations.

= |t also has equivariance translation due to
parameter sharing i.e., if input is changed
in a way, even small, the output will be

different in a similar way.

e C.2POOLING OPERATION

Pooling operation can be said as the reverse of
the convolution operation. Here, a filter is
passed over all the features of the input either
from the user or the result of the preceding
convolution operation, as a summarized version
of the feature is produced. Pooling operation has
multiple function, but the most used function is

max pooling.

When considered an input whose size is C x C X

D, with spatial size of Z and stride S, the output

volume is calculated as follows:

The resulting output volume will be Cout X Cout X
D.
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The

invariance. This basically means, that the object

pooling operation gives translation
that is to be identified, will be identified, no

matter its spatial position in the frame captured.

The model has 3 2D convolution and pooling
layers (hidden layers). Since we only need the
neural network for classification and not
performing any data augmentation, we are using
3 layers of convolution and pooling. And the
output of the third layer is given to the final
output layer that has 9 neurons, one for each
target class of hand gesture. The other layers
have 512 neurons each. The output layer has
softmax activation function. The other 4 layers
have a rectified linear unit function (relu)
activated.

To prevent overfitting, every hidden layer is
paired with a dropout layer that randomly sets

input units to O during training at specified rate.

D. TRAINING

A fully connected CNN has an input layer,
hidden layers comprising convolutional layers
and pooling layers alternatively, and an output
layer. The figure below demonstrates this

connection.

Input
Imgge Softmax

i /ll

=

Full

/, Convolution
/ " Convolution+Rel
Convolution+Relu Full Convolution +Relu

Fig 5. A fully connected CNN

Convolution is a linear operation. But the RGB
channels in images are not. This we provide
some non-linearity in the layering of the
operations. Three of the most functional non-
linear operations are:

Sigmoid: This operation scales the input into the
range 0 to 1 using the formula - o(kx) =
1/(1+e x). This is a useful operation except fails
at the values of zero (the gradient is removed).
Tanh: This operation is an extension of sigmoid

that handles the zeroes.

ReLU : Rectified Linear Unit or ReLU is the
most used operation and uses the function f(k) =
max(0,k). This is the most reliable operation of

the three stated here and used in this model.

As a part of training, the neural network is
optimized to reduce the cost of the function for
the dataset.

This model uses the Adam

Optimization Algorithm, which is an extension
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of the Stochastic Gradient Descent Algorithm,
further explained in the following subsection.
Since the model has 8 target classes, the loss
function we wused is Sparse Categorical
Crossentropy. This is a better fit because our
target classes are integers. In addition, the epochs
used are 1000 and the batch size in every epoch

is 128.

Fig 6. The compiling and training of the neural

network

D.1. ADAM OPTIMIZATION ALGORITHM

The optimization algorithm used in a model can
make an enormous time difference in finding
good results. A good optimization algorithm can
give good results in matter of minutes while a
bad choice can take days. The algorithm used in
this model is Adam Optimization Algorithm. It is
not an acronym to anything, the algorithm is
named Adam, an extension of classical stochastic
gradient descent algorithm. It is used to upgrade
network weights iterative based in training data.
It is mostly preferred because it is straight

forward to implement, computationally efficient

than stochastic gradient descent and requires

comparatively lesser memory.

Adam is the most reliable and efficient technique
to be used when the problem and its parameters
and features are large. Adam is basically the best
parts of the two gradient descent techniques
Momentum and Root Mean Square Propagation
put together.

This

accelerate the gradient descent algorithm by

Momentum: algorithm is used to

considering the ‘exponentially weighted

average’ of the gradients. Averages usage in the

weight:+1 = weight; — p*aggregate;
where,

aggregate; = v*aggregater.1 + (1- v)( oL / oweighty)

algorithm makes it converge towards minima

faster. The formula used is:

Here,

aggregate; is the gradient aggregate at time t
weight; is the weight at time t

ut is the learning rate at time t

oL is the Loss Function derivative

oweight; is the weight derivative at time t

v IS a moving average parameter which is
constant.

RMSP: Root Mean Square Propagation is the

second method included in Adam optimizer. It is
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an improved version of Adagrad methodology,
except, instead of considering the cumulative
sum of the squared gradients, RMSP considers
the exponential moving average. The formula

used to calculate the gradient is:

weightes = weight; - (u: / (St + A )¥2) * [OL / oweighty]

where,
81 = V*St-l + (1- V)* [8L / aWEIghtt]z

weight; is the weight at time t

ut is the learning rate at time t

oL is the Loss Function derivative
oweight; is the weight derivative at time t

St is the sum of square of past gradients

v is a moving average parameter which is
constant,
) is a small positive constant (10%)

Adam optimizer implements the best attributes
of these both methods and gives a better
optimized gradient descent. The mathematical
formula for Adam optimizer derived from the

above two methods can be written as:
aggregates = vi*aggregater.1 + (1-v1)*gradient;
St=v2* Sta + (1-v2)*gradient; 2

m¢ and v¢ are estimates of the first moment (the
mean) and the second moment (the uncentered
variance) of the gradients respectively.
PERFORMANCE OF ADAM:

Derived from the positives and bests of the two
efficient models, Adam optimizer has much

better performance than any other optimizer and

exceeds the performances of the others. Below is
the plot that demonstrates the performance
comparison of the other optimizers with Adam

optimizer.

Classification Repor t
1on recall T1-score

MNIST Multilayer Neural Network + dropout

— AdaGrad

—  RMSProp

— SGDNesterov
AdaDelta

training cost

107

I I L
0 50 100 150 200
iterations over entire dataset
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Fig 7. Performance comparison on training cost

IV. RESULTS

The hand gesture recognition model is initially
split into training and testing data, in the ratio on
7:3. 70% of the data was reserved for training
and the rest for testing. The classifier was
98.24% accurate with precision amounting to
98%.

Fig. 8 Final result: report of the classification

Fig 9. The 10 hand gestures that are detected in
the model.

V. CONCLUSION

The model developed is an efficient, dynamic
gesture detector, that works regardless of the
lighting, the size of the palm or if the hand is left
or right or moving in front of the camera. Also,
the model shows a substantial amount of
improvement in accuracy when differences were
made in the sub network resolutions like the
batch sizes, number of nodes, a suitable
optimization algorithm and loss functions. This
model also demonstrates that the Media Pipe
framework can be an absolutely efficient method
for detecting the hand gestures and it plays the
most primal role in the project. For the dataset
collected, the model achieved an accuracy of
98.24%. A future work in this project can
classify more than tens of gestures can be used

in various applications.
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