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HandVu: Gestural interface for mobile AR

o Goal: To build highly robust CV methods that allow out-of-
the-box use of hand gestures as an interface modality for
mobile computing environments g







Key requirements

* Fast, robust detection, tracking, and recognition that is:
— Real-time
» Has to support real-world interaction
— Background invariant
 Dynamic and constantly changing
— Lighting insensitiv
 Indoor, outdoor, shadows, ...
— Person independent
* No personalized training
— “Reasonable” to use
* Responsive, useful, comfortable
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HandVu tasks

Detection
— Detect the presence of a hand in the expectedgcwation and
Image position
Tracking (2D)
— Robustly track the hand, even when there arefgignt changes in
posture, lighting, background, ¢
Posture/gesture recognition (2D)

— Recognize a small number of postures/gesturesltoate
commands or parameters

Interface
— Integrate the system into a useful user experience
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HandVu — control



HandVu — components
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HandVu — components
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1. Hand detection




Robust hand detection

* Choose a particular hand appearance and region of the
field of view for fast and very robust hand detection
— Detecting every possible hand configuration isdificult

 Maximize the detection rate for a given (very low) false
positive rate
— Misses: Wait a bit longer — okay
— False positives: Spurious tracking is undesirable

« Approach: Learning-based object detection method
— Extension of Viola-Jones Adaboost face detection
— Multistage cascaded classifier
— Slooooow training, fast runtime
e Combined with skin color information
— Dynamic color pdf — initially fixed, then updated
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Adaboost detection

« Builds very simple features based on intensity comparisons
between rectangular image areas
— Computed at different scales, throughout the image
— Thelntegral Imageprovides an efficient way to compute these
comparisons
 These comparisons are used to build many weak clas

« AdaBoost linearly combines many weak classifiers into a
strong classifier, by iteratively selecting the best ones
(smallest misclassification rate)

— The training set is then re-weighted based onlassifications,
and the process iterates

— The classifiers are arranged in a cascade, agpaiauation
allows for fast rejection of negative samples Q
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Viola-Jones face detector

Three types of features (scaled and translated)
Training: ~1 month (!)

Testing: real-time

Works for faces — what about hands?

— Not so well....
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UCSB



Add a fourth type: the 4-box feature type
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Data

Collected over 2300 hand images

— 10 male, 10 female, right hand, two different ceaagindoors and
outdoors, varying backgrounds, varying lighting ditions

— Random non-hand images used for negative exanmplesning

(over 23,000)
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Detection performance with standard features

0.95

detection rate
&
©

o
o)
a

0.8

0.75

monolithic classifiers, note the template sizes

—— closed (35x39)
—— closed (30x20)
—— closed (20x30)
—— closed (25x25)
—e— sidepoint (25x25)
—— victory (25x25)
—— open (25x25)
—+— Lpalm (25x25)
—=— Lback (25x25)

(0
| |

D

D

10 10°
false positive rate

10

UCSB



Detection performance with 4-box features

cascaded classifiers, 4box feature, different template sizes
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Hand detection results

 Theclosedposture performed best

e Detection rate: ~92%

« False positive rate:

— 1.01x1¢®
— One false positive in 279 VGA-sized image frames

« With color verification: few false positives per hour of live
video!
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Rotational robustness

 The hand detector is more sensitive to in-plane rotations
than similar face detectors (= 15 degrees)

* Robustness to some amount of in-plane rotation is
Important for practical use

e Detector accuracy can be improved by an ord
magnitude
— Keeping the false positive rate constant
— Without affecting speed
— Allowing for better and faster initialization, n@mtuitive use

 How? Train on randomly rotated examples
— But at what angle densities (i.e., how many deiférangles)?
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Testing rotational robustness (1)
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Testing rotational robustness (2)
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Rotational robustness (cont.)

* Result: 15 degrees (total) of rotation can be efficiently
detected with one detector, by including coarsely sampled
rotated images in the training set

— Detection rates improve about an order of magei{fior tests
within the 15 deg bounds) for a given false positiate

— The number of weak classifiers required does mptiscantly
change, and thus detection speed is not impactett mu



HandVu — components




HandVu — components




2. Hand tracking

e “Flock of Features”

— Fast 2D tracking method for non-rigid and highticallated
objects such as hands

— Robust to significant background and lighting &ans



Flock of Features

o A *“flock” of individual KLT features (grey level)
 Loose, global “flocking” constraints
e Color histogram measure for backup consultation

Multi-cue Integration overcomes single-cue failure modes






Early version #1



Early version #2



Tracking comparison with Camshift

7 different cases + average



Number of KLT features



HandVu — components




HandVu — components




3. Gesture recognition

* Really view-dependemosture recognition
— Recognizes six hand postures
— But itfeelslike gesture recognition!

First tried Active Shape Models



e ... but ASM tracking is error prone in these complex
environments



But wait — we already have a solution!

* We just need a small number of recognizable postures,
since:

— Applications only require a few distinct gestuemgrated events
— Users don’'t want to remember too many

e So let's use the Adabo«-based detection method wit-6
postures



Data collection

3 participants

. 19,134 frames
3 locations W

. 1,276 seconds
3 repetitions

Indoor

Outdoor



Pose recognition confusion matrix

e 9137 postures recognized in 19,134 frames
— 8567 correct, 570 wrong
* 93.76% of recognized postures are correct

« Withoutopen,98.71% of recognized postures are
correct



Recognition results



But does itreally work?

Example applications in wearable
computing (AR) environments



Driving the mobile GUI






Search and rescue AR

Using the Tunnel Tool



The Tunnel Tool









Google “Handwu”

HandVu software

* A library for hand gesture recognition
— A toolkit for out-of-the-box interface deployment

 Features:
— User independent
— Works with any camera
— Handles cluttered background
— Adjusts to lighting changes
— Scalable with image quality and processing power
— Fast: 5-150ms per 640x480 frame

e Source+tbinary available, built on OpenCV



Summary

« HandVu is a robust, real-time hand gesture interface for
mobile computing (and other applications)
— 2D hand tracking using flocks of features
— Adaboost-based detection and recognition

— Various applications in mobile augmented reatityed reality
environments, medicine, the Allosphere
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