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Motivation Plug-ins .. Applications
e Human-computer interaction is moving away from the traditional mouse eProvides a plug-in framework that allows o | | S
and keyboard. multiple, heterogeneous mobile devices to be S LaSRE | o Efficient enough to use as input for video game or multimedia

eSpeech, gesture, and image recognition are more recent forms of user used as input devices N 24 presentation | | |
interaction that are gaining popularity. e Launches a plug-in for Sun SPQTs, but plug-ins for * Could be used in a public environment
other devices can be easily integrated . e Gesture-controlled information kiosks

e Motion-based gesture recognition is a versatile and intuitive form of , ,
teraction. e Development of new plug-ins requires e Games in movie theatres and malls

e Since many mobile devices have acceleration-based motion sensing implementation of the FROG plug-in interface » Potential for compatibility with nearly any modern phone

capabilities, could a gesture recognition system be developed that A Sun SPOT with its three axes

allows ANY of these devices to be utilized as the input mechanism?
The Four Modes in FROG

Training

Conclusions

Recognition e The FROG project demonstrates that 3D acceleration-based gesture

Ta S k |£:| FROG Recognizer of Gestures - Training _ . . . . . .
Session Devce Termina £/ FROG Recognizer of Gestures - Recogniton recognition provides a viable form of user interaction.
Gestures Recognize Terminal . . . . . . oo
e Create an independent gesture recognition framework intended for use — e Parameter modification in data sampling, filtering, quantizing, and
in motion-based recognition research -- | B soere Notrecognized modeling allows the system to be “tuned”.

gameset Mew Session
s, Device

e Allow for training, recognition, evaluation, and demonstration modes of \ Device e Framework testing as well as other related research has shown that the
the system (see adjoining image) | o SinSPOT: 4118 quality of training plays a major role in accuracy of recognition.

Status: Connected
5 Sun SPOT: 1BES
w

e Provide an intuitive, research-oriented GUI that will allow the user to | | Sttus: Connected ¢ FROG recognition results utilizing Sun SPOTs as input devices has been
evaluate parameters and algorithm effectiveness shown to compare favorably to results obtained from the Wiigee project

User 3 User 4

e Implement training and recognition using statistical Hidden Markov (see graphs below).

s, Device s, Device

Models (HMMs) e Emerging technologies incorporated into today’s mobile devices, such
e Launch a plug-in for Sun SPOTs while allowing plug-ins for new devices _ _ o SInSPOT 13T §¢ Yo Device Comnected as 3D acceleration sensors, greatly expand the potential uses of these

tog.plugin.Device: (-1.07137103, 0.29805058, 0.87304092)
fIOTEDT O s |

i 3D Acceleration Vectors | 2d Acceleration Values

tog.plugin Device; -0.92637344, 0.36249395, 0.942458429)

to be Created and |ntegrated eaS||y | rog.plugin. Devic 031416143, 0.8297083%) deV|CeS

ftog. pludin.Device: End Of Gesture (Complete)

i Sun SPOT: 1BE9
Status: Connected

Evaluation

|£:| FROG Recognizer of Gestures - Evaluation

BEvaluation Device Terminal
a a O w Customize Evaluation Session
Gesture Library Loaded: gameset.frog

e Utilizes an established process of manipulating data to perform training e e

and recognition o Recomized AorasoCortany
e Training: After initial filtering, user input is used to construct a quantizer
and HMM for each training set
e Recognition:
e The filtered input gesture passes through the components
constructed in the training pipeline. e [ 2| ey s
e The gesture is compared against each HMM (trained gesture) after | |
being translated using its corresponding quantizer (K-means or
K-means++, in our case).
e|t is then evaluated for recognition using a Bayesian classifier.

0.0%

Average recognition rate in Wiigee, an open source gesture recognition project, (on the left) and FROG
(on the right) with a similar set of gestures. Wiigee had 15 samples per gesture per user with four users
participating in the trial, while FROG had 15 samples per gesture per user with two users participating in
the trial. The average recognition rate was comparable.
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e In training, quantized acceleration vectors are used to form a left-to-right HMM that
represents the gesture.

Recognition e The HMM is initialized by default, only to be iteratively optimized (using the Baum-Welch
algorithm) according to each input training instance to produce a model for the gesture. Acknowledgme ntS
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