Robust Hand Detection

Mathias Kelsch and Matthew Turk
Department of Computer Science, University of California, Santa Barbara, CA 93106

Abstract

Vision-based hand gesture interfaces require fast and ex-
tremely robust hand detection. Here, we study view-speci ¢
hand posture detection with an object recognition method
recently proposed by Viola and Jones. Training with this
method is computationally very expensive, prohibiting the
evaluation of many hand appearances for their suitability
to detection. As one contribution of this paper, we present a
frequency analysis-based method for instantaneous estima-
tion of class separability, without the need for any training.
We built detectors for the most promising candidates, their
receiver operating characteristics con rming the estimates.
Next, we found that classi cation accuracy increases with
a more expressive feature type. As a third contribution, we
show that further optimization of training parameters yields
additional detection rate improvements. In summary, we
present a systematic approach to building an extremely ro-
bust hand appearance detector, providing an important step
towards easily deployable and reliable vision-based hand
gesture interfaces.

1 Introduction

Vision-based interfaces (VBI) are gaining much interest re-
cently, maybe best illustrated by the commercial success of
Sony’s Eye Toy, an accessory for the company’s PlaySta-
tion 2: a set-top camera recognizes full-body motions and
projects the player directly into the game. However, more

ne-grained control, such as with hand gesture recognition,
has not yet reached the same level of robustness and reliabil-
ity. Outdoor and mobile environments in particular present
additional dif culties due to camera motion and their vari-
ability in backgrounds and lighting conditions. In prior
work [7], we presented a mobile VBI that allows control of
a wearable computer entirely with hand gesture commands.
A collection of recently proposed and novel methods en-
ables hand detection, tracking, and posture recognition for
truly interactive interfaces, realized with a head-worn cam-
era and display. For these vision-based hand gesture inter-
faces it is of tremendous importance to make available a
background-invariant, lighting-insensitive, and person- and
camera-independent classi er to reliably detect a human’s

most important manipulative tool, the hand. We will subse-
quently call these classi ers detectors.

Hand appearances the combinations of postures and
the directions from which they are viewed differ in their
potential for classi cation from background and other ob-
jects. In order to pick the appearance with the best sepa-
rability from background (that is, the one that allows de-
tectors to achieve the most robust performance), one could
train a detector for each combination and a posteriori ana-
lyze their performance. We employ a method that is cur-
rently considered the fastest and most accurate pattern de-
tection method for faces in monocular grey-level images
(Viola and Jones [10]). Unfortunately, the training for this
method takes far too long to explore all possible combina-
tions for their suitability to detection.

We introduce an a priori estimate of detector perfor-
mance. The estimator is based on frequency spectrum anal-
ysis and estimates the amount of grey-level variation in the
object’s appearance. It operates on a prototypical example
image of the object to be detected, alleviating the need for
extensive data collection. To compare its prediction with
actual detection performance, we trained detectors for six
hand posture/view combinations. We are interested in the
maximal detection rate for a given false positive rate, the

entropy of the appearance. We found vast differences
in detectability with Viola&Jones’ method, justifying our
methodological approach to nd a good VBI initialization
gesture. The depth and volume of this study are also novel;
we used a total of 2300 hand images. Receiver operating
characteristic (ROC) curves are given for all experiments.

The best detector we obtained, combined with skin color
veri cation, achieves outstanding performance in practical
application, indoors and outdoors: about one false positive
in 100,000 frames. Given that the hand is in the right pos-
ture and not extremely over-exposed, it is reliably recog-
nized within a couple frames. This is used to bootstrap the
set of subsequent tracking and recognition methods for the
wearable interface [7]: the system initializes after the user
performs a particular gesture. It then tracks her hand and
recognizes a number of key gestures.

The paper is organized as follows. First, we review
related work and summarize the Viola-Jones detection
method in section 2. Section 3 details our frequency
analysis-based estimation of class separability. The actual



detector construction, along with details about data col-
lection, evaluation, and performance improvements, is de-
scribed in section 4. Conclusions are drawn in section 5.

2. Related work

We brie y review approaches to hand and object detection,
including the pattern detection method that was the basis for
this work.

Most attempts to detect hands from video place restric-
tions on the environment. For example, skin color is surpris-
ingly uniform [9, 6], so color-based hand detection is pos-
sible [13]. However, this by itself is not a reliable modality.
Hands have to be distinguished from other skin-colored ob-
jects and there are cases of insuf cient lighting conditions,
such as colored light or grey-level images. Motion ow in-
formation is another modality that can Il this gap under
certain conditions [2], but for example for non-stationary
cameras this approach becomes increasingly dif cult and
less reliable. Statistical information about hand locations
is effective when used as a prior probability [8], but it re-
quires application-speci c training. Shape models gener-
ally perform well if there is suf cient contrast between the
background and the object [1], but they have problems espe-
cially with concave objects and cluttered backgrounds. Par-
ticle ltering [4] makes shape models more robust to back-
ground noise, but shape-based methods are better suited for
tracking an object once it has been acquired and they yield
only limited results for detection tasks. Cameras that cap-
ture depth or thermal infrared images provide additional in-
formation that makes hand detection much easier, yet they
require specialized and frequently expensive hardware.

Little work has been done on nding hands in grey-
level images based on their appearance and texture. Wu
and Huang [11] investigated the suitability of a number of
classi cation methods for the purpose of view-independent
hand posture recognition. The objective was to classify
hand poses, however, so detection performance without the
help of skin color information was not considered. Face
detection on the other hand has attracted a great amount of
interest [12, 3] and many methods relying on shape, texture,
and/or temporal information have been described. Texture-
based approaches in particular have the potential to yield
the best results in varying image environments since they
can operate on still images and even cope with partial ob-
ject occlusions.

2.1. Integration templates

To the best of our knowledge, view-dependent, posture-
speci c localization of hands in unconstrained grey-level
images has not been demonstrated. To achieve this, we
use a very fast and accurate learning-based object detection
method that was recently proposed and extended by Viola

and Jones [10, 5], primarily applied to face detection. It op-
erates on so-called integral images in which each image ele-
ment contains the sum of the values of all pixels to its upper
left, also known as data cubes in the database community.
This single-pass precomputation step allows for subsequent
constant-time summation of arbitrary rectangular areas, or

rectangular features. During training, weak classi ers
are selected with AdaBoost, each of them a pixel sum com-
parison between two or more areas (see g. 1). Hundreds of
these classi ers are then arranged in a multi-stage cascade
(termed detector ), together achieving excellent classi ca-
tion performance. Due to an exhaustive-search component,
training a cascade takes on the order of 24 hours on a 30+

node PC cluster.

Figure 1: Images a)-c) show one instance of each traditional
feature type. For example, type a) can vary in overall width
and height as well as in its width ratio of the two rectangular
areas, but their heights must not differ. d) and e) are two
instances of our new type that allows for almost arbitrary
area comparisons since the rectangles’ locations and sizes
are less constrained; even overlapping areas are permitted.
See also subsection 4.4.

a b C

At detection time, the entire image is scanned at multiple
scales. For example, a template of size 25x25 pixels, swept
across a 640x480 image pixel by pixel, then enlarged in size
by 25%, swept again, enlarged, swept, etc. yields 355614
classi cations. Every stage of the cascade has to classify
the area positive for an overall positive match. This lazy
successive cascade evaluation, together with the rectangular
features’ constant-time property, allows the detector to run
fast enough for the low latency requirements of real-time
object detection.

Overall, the method’s accuracy and speed performance,
as well as its sole reliance on grey-level images, make it
very attractive for hand detection. For practical application
outside the context of this paper, we combined it with skin
color information for even improved performance.

3. Separability estimation with
frequency spectrum analysis

Since training a detector for every possible hand posture (in
order to nd the best-performing one) is prohibitively ex-
pensive, we propose in this section a method to quickly es-
timate the classi cation potential, based on only a few train-
ing images for each posture. We investigated eight postures
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Figure2: Meanhandappearanceandtheir artifact-freeFouriertransforms.Largers-values(seeeq.4) indicatemorehigh-
amplitudefrequeny componentbeingpresentsuggestindettersuitability for classi cationfrom background.

from x edviews, whichwereselectedasedntheir differ-
entappearanceandbecausehey canbe performedeasily
A prototypicalexamplefor eachpostureis shovnin g. 2.

Theposturecloseds a at palmwith all ngers extended
andtouchingeachother, openis the samebut with ngers
spreadapart. Sidepointis a pointing posturewith only the
index nger extended seenfrom thethumbside. The vic-
tory or peaceposturehasindex andmiddle nger extended.
The“L” postureinvolvesan abductedhumbandextended
index nger andcanbe seenfrom the Lpalm side andthe
Lbadk sideof the hand. The grab gestures suitedto pick-
ing up coffee mugs,seenfrom the top, andthe st posture
is viewedfrom the backof thehand.

Theseparabilityof two classeslepend®nmary factors,
including featuredimensionalityand methodof classi ca-
tion. Thereis noknown performancestimatorfor the Ada-
Boostmethoddescribedabove. Yetit is desirableto a pri-
ori predictthe potentialfor successfutlassi cationof hand
appearancefrom backgrounddue to the detectors com-
putationallyexpensve training phase. The estimatorpre-
sentedhereis basedon the intuition thatappearancewith
aprominentpatterncanbedetectednorereliably thanvery
uniformly shadedappearancesThe advantageof the esti-
matoris thatit only requiresa single prototypicalexample
of thepositive class.Thereis no needfor explicit or formal
representatioof the negative class, everythingelse’.

We collectedup to tentraining imagesof eachof eight
handposturedrom similar views andcomputedheir mean
image(toprow in g. 2). Dueto limited training datafor
st we took only oneimageandmanuallysetnon-skinpix-
elsto aneutralgrey. Theareasof interestwereresizedand
rescaledo 25x25pixels,seetablel. Thehigherfrequeny
component®f a Fourier transformdescribethe amountof
grey-level variationpresentin animage— exactly whatwe
arelooking for. However, the transformatiorF (eq.1) in-
troducesstrongarti cial frequenciesgcausedy theimages
nite anddiscretenature.
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We thereforesubtractthe FouriertransformP of a neu-
trally colored25x25-sizedmagepatchfrom F. This en-
suresthat frequenciesresulting from image cropping are
eliminated, yielding an artifact-free difference-transform
D.

D(u;Vv) = logjF (u;v) P (u;Vv)j; 2
where
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In the last step(eq. 4), the sumof all frequeny ampli-
tudesis computed ,normalizedby the Fourier transforms
resolution. This sumis the sought-forestimator giving an
indicationof the amountof appearanceariationpresenin
theimage:
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The bottomrow in g. 2 presentghe postures‘artifact-
free Fourier transformsD, annotatedwith s, the sumsof
their log amplitudesover the entire frequeng spectrum.
The sums'absolutevalueshave limited meaningthey are
to be regardedin relationto eachother As expectedafter
visualinspection the closedhandappearanchasthe most
amountof grey-level variation, re ected in a high ampli-
tude sum. The st, beingmostly a uniformly grey patch,
hasthe leastamountof appearanceariation, thus also a
low s-value.

In the following section,a comparisorof the estimates
with actual detectors'performancewill con rm our hy-
pothesis- thatappearancewith largers-valuescanbe de-
tectedmorereliably. Computings-valuesthereforeallevi-
atesthe needfor the compute-intensie training of mary
detectorsn orderto gaugetheir performancegotentials.



