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Abstract. We present a model-based method for hand posture recagiitio
monocular image sequences that measures joint anglesngiewgle, and posi-
tion in space. Visual markers in form of a colored cotton glave used to extract
descriptive and stable 2D features. Searching a synthigtgenerated database
of 2.6 million entries, each consisting of 3D hand postureapeeters and the
corresponding 2D features, yields several candidate pEssper frame. This am-
biguity is resolved by exploiting temporal continuity bet@n successive frames.
The method is robust to noise, can be used from any viewintgaagd places
no constraints on the hand posture. Self-occlusion of amybeu of markers is
handled. It requires no initialization and retrospectivebrrects posture errors
when accordant information becomes available. Besidesktafive evaluation
on real images, a quantitative performance measuremerg asarge amount of
synthetic input data featuring various degrees of noisesstibe effectiveness of
the approach.

1 Introduction

Automatic recognition of hand gestures is an intuitive affidient method for human-
computer interaction. Applications for gesture input irt® virtual reality, motion cap-
ture, and sign language recognition. Vision-based re¢mgninethods allow to mea-
sure both hand configuration and translational motion. Aeoimportant benefit is that
a camera also records the user’s face — a prerequisite fogmezing sign language.

For many tasks, such as fingertip detection or gesture fitad®in, appearance-
based 2D features (i.e. shape and texture) that can be tedrmicectly from the input
image suffice [1, 2]. Reconstruction of the 3D hand posturenf2D images opens up
additional applications that require knowledge of indadifinger flexion.

This paper describes a model-based approach using visukérsand a match-
ing OpenGL hand model to map an observation, described byaiifes, to a 3D hand
posture. A large database of such mappings is generatetkofflificient algorithms for
identifying candidates with similar features form the cof¢he system. Since ambigu-
ities and uncertainties in individual frames cannot be @néed when using 2D input
data, disambiguation is performed by exploiting tempowadtmuity of the gesturing
motion over a period of several seconds. Smoothing in pesfugce prevents jerkiness
that would otherwise result from the finite number of disenqgbstures in the database.

1 Supported by grant VV-Z50 from the Interdisciplinary Cenfor Clinical Research ™BIO-
MAT.” within the Faculty of Medicine at the RWTH Aachen Uravsity.



The system achieves near real-time speed on a standard R@lifative evaluation
on signed numbers is presented, as well as an exact measui@mesture error using
a total of 37,500 synthetic input images.

2 Related Methods and Common Difficulties

Numerous approaches for hand posture recognition havedreposed in recent years.
They differ in the number of cameras used, the type of featesgracted from the
input data, the supported degrees of freedom (DOF), andipp@déimitations regarding
input posture and viewing angle. The mapping of featureesiyses can be performed
by either deriving joint and viewing angles directly thrduigverse kinematics, or by
parameterizing a hand model so that it yields matching featu

Multi-camera approaches restrict translational hand onadit least to the intersec-
tion of all cameras’ viewfields. Since stereo is less effecfor remote objects, the
hand is usually recorded from a short distance. Existindipations therefore do not
consider significant translational motion [3-5] and furttegjuire controlled recording
conditions, e.g. placing the hand inside a box containigigtisource and cameras.

Feature extraction on images of the unmarked hand corestituthallenging prob-
lem, especially in the presence of motion blur and camersendi robust feature which
can be extracted using a simple skin color model is the haditour [6, 7]. However,
the contour is not stable because small changes in handrearay greatly affect it.
At the same time, by discarding texture it entails yet anotbss of input informa-
tion in addition to the 3D-to-2D projection. Many differémand postures result in the
same contour (for example, a fist and a pointing index fingen $m the pointing
direction), rendering this feature problematic for uniettd posture recognition from
arbitrary viewing angles.

Texture features such as edges are more descriptive bututatigmally demanding
due to the high amounts of data and noise involved. Sevestdisys therefore impose
restrictions on the allowed input postures. In [8] a set op@26tures is recognized in
perfectly segmented single images of real hands taken fiffereht viewing angles.
An accuracy of 13.6% is reported, counting exact matches&tupe and a maximum
deviation of 30 in viewing angle. After generating a database of 107328ttt hand
views (26 allowed postures seen from 86 viewing angles ab#gion angles), each in-
cluding edges, lines extracted therefrom, and orientdtistograms, the corresponding
input features are used as a search key. Processing timeage iis 15s on a 1.2GHz
PC.

The method presented in [9] processes image sequencesansd bhnd postures
commonly used in sign language, achieving an estimatedpatspendent accuracy
of 10% in finger flexion and 15in viewing angle. The space of viewing angles and
allowed postures is represented by 60 distinct Active Apgeee Models (AAMSs) that
are extended to track translational motion. To narrow ttegckespace per frame and
thereby stabilize the system, transitions are only possibtween models correspond-
ing to anatomically similar postures. The AAM training da@mprises manually la-
beled sequences of real images featuring a single persand fhe hand must be suf-
ficiently close to the camera to yield reliable texture imfiation. Views from the finger



or wrist direction, which naturally exhibit less textur@eanot supported. Processing
speed is 4 fps on a 1GHz PC.

Several approaches limit the degree of self-occlusionerirtbut images [4, 5, 10—
12], recognizing only a subset of all common hand posturesthbts that iteratively
refine a state estimate typically require the hand to assusped@fic initialization pos-
ture in the first frame [12, 13, 7]. Except for [6], all aboves®gms are susceptible to
registration errors since they only pursue a single postatienate at a time, not ac-
counting for ambiguities in feature space.

3 System Overview

Fig. 1 shows an overview of the system. The user wears a cglboe equipped with
six differently colored visual markers, five covering apprbalf of each finger and
the thumb, and another on the back of the hand. This allowsttact descriptive and
stable 2D features from a monocular view. The markers’ gegnends itself to an
elliptical approximation in the image plane, resulting imesty compact representation.
Hand posture recognition is performed by matching a syiteind model featuring
identical markers to minimize deviation in feature space.

Preparation Phase Application Phase
Monocular
3D Hand Model Camera
Synthetic Real-life
Input Images Input Images
Extraction of Extraction of
2D Features 2D Features
Posture 2D Features
Parameters ' 2D Features

/\

Search for Database Entries
with similar 2D Features

N Candidates

per Input Image

Database:
— Posture Parameters
- 2D Features

Disambiguation (Selection of
one Candidate per Image)

Recognized Postures
Fig. 1. System overview

In a preparation phase the hand model is used to generagealamber of postures
seen from many different view angles. Each posture, togetite the corresponding
2D features extracted from the synthetic view, is storeddatabase. For evaluation we
used a database size of 2.6 million entries. This does nhitdagotation in the image
plane, which is computed online.



Posture recognition is performed by using the 2D featurégebed from the input
images as a key for querying the database. For each framedanfixeber olN postures
whose features have high similarity to the extracted festare retrieved. This candi-
date space is then searched for a sequence that maximiz@sudtyrin both posture
and feature space. Spline interpolation between suceeBsimes, considering match
quality in each, finally yields a smooth posture sequenceasiticted to the discretized
posture space of the database.

4 Hand Model

Regarding possible configurations of fingers and thumb, tln@am hand has 21
DOF [14]. Each finger possesses one DOF for each of its jolatsgforth DOF for
sidewise abduction. The thumb requires five DOF due to itatgrdlexibility. Our hand
model reduces this to seven DOF by assuming dependencieséret finger’s joints.
Fore to little finger are modeled by a single parameter eaaiging from 0.0 (fully
outstretched) to 1.0 (maximum bending). The thumb is matsimilarly, using two
additional parameters to reflect its flexibility. For a pest the seven bending para-
meters are denoted 1B .

Besides dealing with finger bendings the model also handfessture’s viewing
angle, i.e. the hand’s orientation in space. On the surfaae onaginary sphere around
the hand (called the view sphere), each point correspondsspmecific view onto the
hand. A view point is thus characterized by a latitwie and a longitudeyjon. Addi-
tionally, for each view point a camera (or hand) rotatigpis possible. For a postufe
these three angles are indicatedvdy,

In summary, the model parameters for each podtutemprise ten values and are
denoted by = (BP,VP). For a given posture the corresponding synthetic hand image
is rendered using OpenGL, modeling finger phalanges as sioylinders, joints as
spheres, and the palm as a combination of several polygons.

4.1 Posture Difference

Besides describing postures and visualizing them, the haot®l offers an elegant way
to express the difference between two postures. A mapBngs®, V) — (cf,...,ck)
transforms the hand model parametero seven coordinates in space relative to the
center of the palmcy to ¢4 represent the positions of the five finger tipgsandcg are
the coordinates of two additional “fingers” above the backarfid and below the wrist
as shown in Fig. 2 (a), capturing the orientation of the hardthe view angles.

The differencé\p between two posturgd andR is then defined as:

6
Dp(QR) = WEBLV) —WERVR) = 5 |q?— kP (1)
k=0

where| - | denotes the Euclidean distance. Fig. 2 (b) visualizes ttlistznces.



(a) additional coordinates  (b) two postures and their pairwise connected coordinates
Fig. 2. Posture difference

5 2D Features

In every input frame color-based segmentation is perforioedetect the markers.
While this is trivial for synthetic images, real-life imageay yield several candidates
per marker. Disambiguation is performed by pursuing midthypotheses over time,
computing plausibility scores based on the candidatesigdy and their continuity in
feature space. The winner hypothesis is chosen only at thefehe sequence, exploit-
ing all available information. A detailed description of ltiple hypotheses tracking can
be found in [1].

To reduce the effects of noise and to minimize memory requérgs, each detected
markerk is approximated by an ellipdg,, specified by ared, centemm, radiia andb,
and orientatioro, i.e.: Ex = (fx, My, a, bk, 0k).

For invisible markerd is zero, all other features are undefined. To achieve transla
tion independence, all centarg are specified relative to the center of gravity (COG) of
all visible marker regions. Furthermore, arigas normalized byn, = 3 fi. Distances
and lengths are normalized loy = /M. This provides independence of the distance
between hand and camera, as well as camera resolution. fbhesich input framé
the feature se' describing the six markers is given By = (E},El,...,EL).

6 Static Posture Recognition

This stage extracts a setfplausible postures from the database for each input image,
where N lies in the range of approx. 100 to 1000. A further héyel stage will resolve
ambiguities by considering all generated candidates focessive input images.

6.1 Appearance Database

A database entry contains the hand model paramégEr&/P) for a postureP along
with the feature$ " that were extracted from the corresponding synthetic im@ige
setB = {BP|P ¢ DB} of all database postures’ finger bending parameters wasedefin
by selecting eight bending values for the thumb, seven far émd middle finger each,
plus six values each for ring and little finger, totaling 142 Jostures per view.

For the seV = {VP|P c DB} of all database postures’ view points, angles in steps
of 18 have been chosen. Special care has to be taken at the viere'spiaes, where
a change of longitude resembles a rotation (an effect cglfatial lock), sovio, = O for



Viat = £90. Rotationv; is set to zero for all database postures. THuontains these
triples of (Viat, Vion, Viot) :

V = {(18,18),0)|i,j€e Z A -5<i<5A 0<j<20} U {(+£90,0,0)} (2)

Because a rotation will leave the feature ellipses’ areagetiss their relative distances
unchangedy,ot can be reconstructed before comparing database and irguréds.
With |V| = 182 the database contaibs= 2,568 384 entries. Considering rotations in
steps of 18 a total of 51,367,680 postures can be recognized by thersyste

In order to speed up database retrievd*alike tree of height six with a fixed
branching factor is used. Onlfy is considered, so the tree’s depth equals the number
of markers. The branching intervals at each node are norapgéng, but if a query
is within a certain range of an interval border, traversalttwes in the neighboring
subtree as well. The standard deviation of the intervaésneints is used to quantify
this range.

6.2 Feature Rotation

Let F® be the features extracted from the current input imageF&Rdhose of a data-
base candidate provided by the search tree. Like for albdataentriesy = 0. Let
¢(p,a) denote the rotation of poim by a. We define the rotatioai(F& F9°) that
estimates/4® with respect td=®* by

2

} ©)

Due to weighting each summand by the product of the correipgrareas, bigger
ellipses have more influence on the result than small ones.

Graphically, the two feature sets are aligned to their CO@s ratated until the
sum of squared distances between corresponding ellipsgghted by the product of
their normalized area, is minimal. Since the rotation isialty a camera rotation, it
propagates directly from features to postures. In thevitig, F9° is assumed to be the
database features rotated according to (3).

(p(mgba C() - mEX

a(F F) = argmin{% f00. £ex.
o

6.3 Feature Difference

Searching the database for tNefleature sets that are most similar to the extracted fea-
turesF** requires to compute a scalar feature differefgd F®*, de) that quantifies
the similarity betweer®* and a set of database featufe® provided by the search
tree. We use eight approximately equispaced points arcacmenterclockwise on the
ellipse’s border (four of which lie at the intersection witie primary and secondary
axes) and compute the sum of squared distances betweenpibiese for two corre-
sponding ellipse&™ and Ef(’b. Of the eight possible mappings between both sets of
points the one that minimizes this sum is used. This definesomgtric difference
measuré\g (EX, EZP).



For f& = fd° = 0 we defineAe = 0. If f& > 0 fdP = 0 the affected marker in
the database posture is made visible by not rendering aey otimponent of the hand
model (this is done offline). The now visible marker's COGhisrt used in place of the
eight border points to compufg. If f&*=0A fdID > 0 the database is searched for a
postureQ that differs fromP only in the bendlng of the affected finger, and for which
fx is minimal or zero (again this happens offlinAx for markerk is then computed
betweerQ andP. In general, if a marker’s visibility differs betwef* andF®, the
vidsbible marker’s area will be small since the search treernstonly candidates with
fIP~ fEXV k.

“ In onderto favor shape similarity over position congrueaeeighting ofAg by the
difference of the ellipses’ area is performed. The featifferénce is thus defined as

Ar (FF®) = ZAEE P) - (14— 1)) (4)

When querying the database the search tree reMrestries, wherd&l < M < D.
Ar is computed for alM entries to find théN that best matclk®*, which form the set
of hypotheses for the considered frame.

7 Posture Sequence Recognition

The recognition of posture sequences is based upon the hegest provided by the
static recognition stage described in the previous sedti@@mputes the actual recog-
nition result and can also be used to optimize system paeagiey synthetically gen-
erating input data for which ground truth is known. Fig. 3wh@ schematic overview.
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Fig. 3. Posture sequence recognition and parameter optimization

7.1 Disambiguation

For a sequencd(0),...,I(T — 1) of input images, the corresponding features
F€(0),...,F®(T — 1) are extracted, for which the static recognition stage gersr
the sets of hypothesé$(0),...,H(T — 1), each containingN possible database fea-
tures and postures, |H( ) = (ho(t),...,hn_1(t)) with ho(t) = (F88(t),PdP(t)) for
t=0,...,T—1landn=0 N —

*

o(t
1.



At 25 fps, T = 75 for a three second input sequence. WeNise 200, resulting in
NT ~ 3.8-10'"? posture sequence in hypothesis space, and apply the \aigdithm,
which scales witrO(TN?). The step metri@(hi(t — 1),hj(t)), which represents the
cost of choosing hypothesdig(t) given thath (t — 1) is its predecessor, is defined as

o (hi(t—1),hj(t)) = (1—y).max{Ap (Pidb(t—l),deb(t)) _A*,o}+
v-OF (Fex(t),Fj"b(t)) for t=1,..T—1 )

The step metric combines the feature differeficdetween a hypothesis and the corre-
sponding extracted features and the posture differApdeetween successive hypothe-
ses, thus favoring a high feature similarity as well as teraboontinuity of postures.
A, is a small, positive, empirically determined value suligsddromAp in order to
allow small posture deviationg.weights the feature and posture differences and was
optimized iteratively using sequences of synthetic imggesided by the hand model
(cf. left part of Fig. 3).

The path metriat(hi(t)) is the sum of step metrics along the path leadinb; (o)
and is initialized to

m(hi(0)) = y-Ar (F(0),F*(0)) 6)

The path that minimizesi(h) for h € H(T — 1) constitutes the resulting posture se-
quenceS(1(0),...,I(T — 1)) = (h(0),...,h(T —1)). Since this is only computed after
several seconds of input video have been observed, postars & individual frames
are retrospectively corrected as soon as they become apjpatke light of additional
observations.

7.2 Smoothing

The sequences provided by the disambiguation stage onbaicopostures from the
database, i.e. from a finite, discrete subset of the infipiées of continuous postures.
In order to bridge these jumps and to alleviate small redagnerrors, the sequence is
smoothed, which happens individually for each bending aew angle parameter.

Recall thath(t) = (FI8(t), P9(t)) and P(t) = (BP®) vPP0). Letrg,...,rr 1
be the indices of the most reliable hypotheses f{o@),...,h(T — 1)). Starting with
ro = 0 the next most reliable hypothesis tur;) is h(ri+1) € {h(ri + a),...,h(ri +B)}
with minimal Ar (F®(riy1),F®%(ri1)). Appropriate values are = 1 andp = 4.

Let p(t) denote a hand model parameteP#¥(t). For { (ri,p(ri))[i =0,...,R—1}
the system computes the interpolating cubic spktg, i.e. s(r;) = p(ri) for i =
0,...,R—1. The smoothed sequence of hand model parameters is then b
s(0),...,s(T —1). Performing this interpolation individually for each hamadel para-
meter yields the smoothed sequence of postures.

8 Evaluation

We evaluated the system’s performance on synthetic andifeeahages. Using a stan-
dard PC with a 1.6 GHz CPU and 1.25 GB RAM, processing speqmpioa. 5 fps.



8.1 Synthetic Input

Synthetic input images offer the opportunity to measur@gedion precision quan-
titatively. We generated 500 random sequences that evewmigr¢he posture space,
each consisting of 75 consecutive postures featuring montis changes in bota?
andVP. The corresponding images have been distorted by blanking @les overlap-
ping by 1 pixel with a probabilitypneise @s illustrated in Fig. 4. The results are listed

o | o

Fig. 4. Noise levelspngise = 0%, 5%, 10% 20% (left to right; image resolution 136105)

in Tab. 1, where “Posture Difference” refers to (1), “FingeDistance” denotes the
average Euclidean distance (in cm) of corresponding fifggevtithout consideration
of view angles, and “Finger Bending Deviation” refers to pusture parameteBs(cf.
Sec. 4). These results demonstrate that the system is itolgighificant noise.

Table 1. Recognition accuracy for synthetic input

Pnoisd|POsture Differencg=ingertip Distancg  Median of Finger Bending Deviation
averag¢ median || averagd median|| th1 | th2 | th3 | ff | mf | rf | If

0%(111.542 74.64 1.94 1.782|0.2270.2570.2330.0750.0770.0870.099
5%|108.506 75.91 1.95 1.793|0.2240.2550.2300.08(00.0770.0840.097
109%|112.841 76.60 1.96 1.815|0.2280.2620.2480.0740.0770.0870.100
20%4|144.63¢ 97.33 2.27 2.104(0.241]0.2420.2570.1050.0960.1000.134

8.2 Real-life Input

Real-life performance has been tested on sequences ofisigmebers. Fig. 5 depicts
some examples, each showing a magnification (22@5) of the actual input image
(360 288) and the recognized posture. By visual comparison npieliity is high.
Fig. 5 (d) illustrates the system'’s reaction to marker daiadailures.

9 Discussion and Conclusion

We have presented a method that recognizes hand postuiger (fiendings and view
angle) from monocularimage sequences. Itimposes no @agsirictions and requires
no initialization or person-dependent training. Perfargiéppearance-based matching
by searching a database, coupled with a Viterbi search itupospace, provides an
efficient means of handling ambiguities.

Our experiments show promising results. Future work wilinarily focus on
processing speed, which can be increased by removing aitaitymmpossible pos-
tures and views from the database, and by improving the ls¢i@e’s efficiency.
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Fig. 5. Real-life examples (for (d) the back-of-hand marker haslsemoved manually)
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