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Learning: A Comparison of Traditional
Machine Learning and Deep Learning.

Gesture types, e.g.:

« 1D/2D flat gestures including single- and

multi-finger gestures,

« 2D/3D spatial gestures including hand

and arm gestures,

« 3D head movements including yaw, pitch

and roll

User input devices, e.g.:

» Mouse

« Touch-sensitive display

« Leap motion controller

« Myo gesture control armband
 Epson Moverio BT-200 smart glass
* Vuzix M100 smart glass

Myo Gesture Control Armband

Goal:

Gestures

Primitive gestures (device-specific), e.g.:

Mouse: Click, Move

Touch-sensitive display: Tap, Move / Swipe, Pinch
(two fingers)

Leap motion controller: Key-Tap, Swipe, Open-Hand,
Closed-Hand, Circle

Myo gesture control armband: Double-Tap, Wave-
Out / Wave-In, Fingers-Spread, Fist

Smart glass: Move-Fast / Move-Slow, Roll

Enriched gestures:

Primitive gestures can be combined with preceding
or following linear movements or rotations.

Each enriched gesture can be performed as a long-
or-short and slow-or-fast linear movement or
rotation.

Movement Types:

32 linear and 8 circular movements

Diagonal: Upward/Downward - Right/Left -
Long/Short - Slow/Fast

Horizontal: Right/Left - Long/Short - Slow/Fast
Vertical: Upward/Downward - Long/Short -
Slow/Fast

Circular: Clockwise/Counterclockwise - Long/Short -
Slow/Fast

Improving the quality and reliability in recognizing enriched gestures based on
different finger, hand and head movements using machine learning algorithms

Data Sets

Model:

Generated randomized position data sets simulating movements (i.e. time series of 333 data points at
intervals of 3 ms) in cartesian (X, Y) coordinates according to
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Traditional Machine Learning (TML)

Feature Engineering:

« Set-up a well-engineered mathematical model of the movement (see Data Sets)

Deep Learning (CNN)

Feature Engineering:

« Deep learning does not require any preceding feature engineering or model building.
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« Training period: Due to the inherent complexity of the deep learning algorithm a training step of the
convolutional neural network requires considerably more time to be performed as in the case of the

traditional machine learning algorithm.

» Training quality: The deep learning approach performs better than the traditional machine learning

algorithm.
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