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Abstract. We present a model-based method for hand posture recognition in
monocular image sequences that measures joint angles, viewing angle, and posi-
tion in space. Visual markers in form of a colored cotton glove are used to extract
descriptive and stable 2D features. Searching a synthetically generated database
of 2.6 million entries, each consisting of 3D hand posture parameters and the
corresponding 2D features, yields several candidate postures per frame. This am-
biguity is resolved by exploiting temporal continuity between successive frames.
The method is robust to noise, can be used from any viewing angle, and places
no constraints on the hand posture. Self-occlusion of any number of markers is
handled. It requires no initialization and retrospectively corrects posture errors
when accordant information becomes available. Besides a qualitative evaluation
on real images, a quantitative performance measurement using a large amount of
synthetic input data featuring various degrees of noise shows the effectiveness of
the approach.

1 Introduction

Automatic recognition of hand gestures is an intuitive and efficient method for human-
computer interaction. Applications for gesture input include virtual reality, motion cap-
ture, and sign language recognition. Vision-based recognition methods allow to mea-
sure both hand configuration and translational motion. Another important benefit is that
a camera also records the user’s face – a prerequisite for recognizing sign language.

For many tasks, such as fingertip detection or gesture classification, appearance-
based 2D features (i.e. shape and texture) that can be extracted directly from the input
image suffice [1, 2]. Reconstruction of the 3D hand posture from 2D images opens up
additional applications that require knowledge of individual finger flexion.

This paper describes a model-based approach using visual markers and a match-
ing OpenGL hand model to map an observation, described by 2D features, to a 3D hand
posture. A large database of such mappings is generated offline. Efficient algorithms for
identifying candidates with similar features form the coreof the system. Since ambigu-
ities and uncertainties in individual frames cannot be prevented when using 2D input
data, disambiguation is performed by exploiting temporal continuity of the gesturing
motion over a period of several seconds. Smoothing in posture space prevents jerkiness
that would otherwise result from the finite number of discrete postures in the database.

1 Supported by grant VV-Z50 from the Interdisciplinary Centre for Clinical Research ”‘BIO-
MAT.”’ within the Faculty of Medicine at the RWTH Aachen University.



The system achieves near real-time speed on a standard PC. A qualitative evaluation
on signed numbers is presented, as well as an exact measurement of posture error using
a total of 37,500 synthetic input images.

2 Related Methods and Common Difficulties

Numerous approaches for hand posture recognition have beenproposed in recent years.
They differ in the number of cameras used, the type of features extracted from the
input data, the supported degrees of freedom (DOF), and possible limitations regarding
input posture and viewing angle. The mapping of features to postures can be performed
by either deriving joint and viewing angles directly through inverse kinematics, or by
parameterizing a hand model so that it yields matching features.

Multi-camera approaches restrict translational hand motion at least to the intersec-
tion of all cameras’ viewfields. Since stereo is less effective for remote objects, the
hand is usually recorded from a short distance. Existing publications therefore do not
consider significant translational motion [3–5] and further require controlled recording
conditions, e.g. placing the hand inside a box containing light source and cameras.

Feature extraction on images of the unmarked hand constitutes a challenging prob-
lem, especially in the presence of motion blur and camera noise. A robust feature which
can be extracted using a simple skin color model is the hand’scontour [6, 7]. However,
the contour is not stable because small changes in hand posture may greatly affect it.
At the same time, by discarding texture it entails yet another loss of input informa-
tion in addition to the 3D-to-2D projection. Many differenthand postures result in the
same contour (for example, a fist and a pointing index finger seen from the pointing
direction), rendering this feature problematic for unrestricted posture recognition from
arbitrary viewing angles.

Texture features such as edges are more descriptive but computationally demanding
due to the high amounts of data and noise involved. Several systems therefore impose
restrictions on the allowed input postures. In [8] a set of 26postures is recognized in
perfectly segmented single images of real hands taken from different viewing angles.
An accuracy of 13.6% is reported, counting exact matches in posture and a maximum
deviation of 30◦ in viewing angle. After generating a database of 107328 synthetic hand
views (26 allowed postures seen from 86 viewing angles at 48 rotation angles), each in-
cluding edges, lines extracted therefrom, and orientationhistograms, the corresponding
input features are used as a search key. Processing time per image is 15s on a 1.2GHz
PC.

The method presented in [9] processes image sequences and allows hand postures
commonly used in sign language, achieving an estimated person-dependent accuracy
of 10% in finger flexion and 15◦ in viewing angle. The space of viewing angles and
allowed postures is represented by 60 distinct Active Appearance Models (AAMs) that
are extended to track translational motion. To narrow the search space per frame and
thereby stabilize the system, transitions are only possible between models correspond-
ing to anatomically similar postures. The AAM training datacomprises manually la-
beled sequences of real images featuring a single person’s hand. The hand must be suf-
ficiently close to the camera to yield reliable texture information. Views from the finger

2



or wrist direction, which naturally exhibit less texture, are not supported. Processing
speed is 4 fps on a 1GHz PC.

Several approaches limit the degree of self-occlusion in the input images [4, 5, 10–
12], recognizing only a subset of all common hand postures. Methods that iteratively
refine a state estimate typically require the hand to assume aspecific initialization pos-
ture in the first frame [12, 13, 7]. Except for [6], all above systems are susceptible to
registration errors since they only pursue a single postureestimate 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 cottonglove equipped with
six differently colored visual markers, five covering approx. half of each finger and
the thumb, and another on the back of the hand. This allows to extract descriptive and
stable 2D features from a monocular view. The markers’ geometry lends itself to an
elliptical approximation in the image plane, resulting in avery compact representation.
Hand posture recognition is performed by matching a synthetic hand model featuring
identical markers to minimize deviation in feature space.
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Fig. 1. System overview

In a preparation phase the hand model is used to generate a large number of postures
seen from many different view angles. Each posture, together with the corresponding
2D features extracted from the synthetic view, is stored in adatabase. For evaluation we
used a database size of 2.6 million entries. This does not include rotation in the image
plane, which is computed online.
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Posture recognition is performed by using the 2D features extracted from the input
images as a key for querying the database. For each frame a fixed number ofN postures
whose features have high similarity to the extracted features are retrieved. This candi-
date space is then searched for a sequence that maximizes continuity in both posture
and feature space. Spline interpolation between successive frames, considering match
quality in each, finally yields a smooth posture sequence notrestricted to the discretized
posture space of the database.

4 Hand Model

Regarding possible configurations of fingers and thumb, the human hand has 21
DOF [14]. Each finger possesses one DOF for each of its joints plus a forth DOF for
sidewise abduction. The thumb requires five DOF due to its greater flexibility. Our hand
model reduces this to seven DOF by assuming dependencies between a finger’s joints.
Fore to little finger are modeled by a single parameter each, ranging from 0.0 (fully
outstretched) to 1.0 (maximum bending). The thumb is modeled similarly, using two
additional parameters to reflect its flexibility. For a posture P the seven bending para-
meters are denoted byBP.

Besides dealing with finger bendings the model also handles aposture’s viewing
angle, i.e. the hand’s orientation in space. On the surface of an imaginary sphere around
the hand (called the view sphere), each point corresponds toa specific view onto the
hand. A view point is thus characterized by a latitudevlat and a longitudevlon. Addi-
tionally, for each view point a camera (or hand) rotationvrot is possible. For a postureP
these three angles are indicated byV P.

In summary, the model parameters for each postureP comprise ten values and are
denoted byP = 〈BP,V P〉. For a given postureP the corresponding synthetic hand image
is rendered using OpenGL, modeling finger phalanges as simple cylinders, joints as
spheres, and the palm as a combination of several polygons.

4.1 Posture Difference

Besides describing postures and visualizing them, the handmodel offers an elegant way
to express the difference between two postures. A mappingΨ : 〈BP,V P〉 7→ 〈cP

0 , . . . ,cP
6〉

transforms the hand model parametersP to seven coordinates in space relative to the
center of the palm.c0 to c4 represent the positions of the five finger tips.c5 andc6 are
the coordinates of two additional “fingers” above the back ofhand and below the wrist
as shown in Fig. 2 (a), capturing the orientation of the hand,i.e. the view angles.

The difference∆P between two posturesQ andR is then defined as:

∆P(Q,R) ≔ Ψ(BQ
,V Q)−Ψ(BR

,V R) ≔
6

∑
k=0

|cQ
k −cR

k |2 (1)

where| · | denotes the Euclidean distance. Fig. 2 (b) visualizes thesedistances.
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(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 performedto detect the markers.
While this is trivial for synthetic images, real-life images may yield several candidates
per marker. Disambiguation is performed by pursuing multiple hypotheses over time,
computing plausibility scores based on the candidates’ geometry and their continuity in
feature space. The winner hypothesis is chosen only at the end of the sequence, exploit-
ing all available information. A detailed description of multiple hypotheses tracking can
be found in [1].

To reduce the effects of noise and to minimize memory requirements, each detected
markerk is approximated by an ellipseEk, specified by areaf , centerm, radii a andb,
and orientationo, i.e.:Ek = 〈 fk,mk,ak,bk,ok〉.

For invisible markersf is zero, all other features are undefined. To achieve transla-
tion independence, all centersmk are specified relative to the center of gravity (COG) of
all visible marker regions. Furthermore, areafk is normalized byn2 = ∑k fk. Distances
and lengths are normalized byn1 =

√
n2. This provides independence of the distance

between hand and camera, as well as camera resolution. Thus,for each input frameI
the feature setF I describing the six markers is given byF I = 〈E I

0,E
I
1, . . . ,E

I
5〉.

6 Static Posture Recognition

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

6.1 Appearance Database

A database entry contains the hand model parameters〈BP,V P〉 for a postureP along
with the featuresFP that were extracted from the corresponding synthetic image. The
setB = {BP|P ∈ DB} of all database postures’ finger bending parameters was defined
by selecting eight bending values for the thumb, seven for fore and middle finger each,
plus six values each for ring and little finger, totaling 14,112 postures per view.

For the setV = {V P|P ∈ DB} of all database postures’ view points, angles in steps
of 18◦ have been chosen. Special care has to be taken at the view sphere’s poles, where
a change of longitude resembles a rotation (an effect calledgimbal lock), sovlon = 0 for
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vlat = ±90. Rotationvrot is set to zero for all database postures. ThusV contains these
triples of〈vlat,vlon,vrot〉:

V = {〈18i,18j,0〉 | i, j ∈Z ∧ −5 < i < 5 ∧ 0≤ j < 20} ∪ {〈±90,0,0〉} (2)

Because a rotation will leave the feature ellipses’ areas aswell as their relative distances
unchanged,vrot can be reconstructed before comparing database and input features.
With |V | = 182 the database containsD = 2,568,384 entries. Considering rotations in
steps of 18◦ a total of 51,367,680 postures can be recognized by the system.

In order to speed up database retrieval aB⋆-like tree of height six with a fixed
branching factor is used. Onlyfk is considered, so the tree’s depth equals the number
of markers. The branching intervals at each node are non-overlapping, but if a query
is within a certain range of an interval border, traversal continues in the neighboring
subtree as well. The standard deviation of the interval’s elements is used to quantify
this range.

6.2 Feature Rotation

Let Fex be the features extracted from the current input image andFdb those of a data-
base candidate provided by the search tree. Like for all database entries,vdb

rot = 0. Let
φ(p,α) denote the rotation of pointp by α. We define the rotation̂α(Fex,Fdb) that
estimatesvdb

rot with respect toFex by

α̂(Fex
,Fdb) ≔ argmin

α

{

∑
k

f db
k · f ex

k ·
∣∣∣φ(mdb

k ,α)−mex
k

∣∣∣
2
}

(3)

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

Graphically, the two feature sets are aligned to their COGs and rotated until the
sum of squared distances between corresponding ellipses, weighted by the product of
their normalized area, is minimal. Since the rotation is actually a camera rotation, it
propagates directly from features to postures. In the following,Fdb is assumed to be the
database features rotated according to (3).

6.3 Feature Difference

Searching the database for theN feature sets that are most similar to the extracted fea-
turesFex requires to compute a scalar feature difference∆F

(
Fex,Fdb

)
that quantifies

the similarity betweenFex and a set of database featuresFdb provided by the search
tree. We use eight approximately equispaced points arranged counterclockwise on the
ellipse’s border (four of which lie at the intersection withthe primary and secondary
axes) and compute the sum of squared distances between thesepoints for two corre-
sponding ellipsesEex

k andEdb
k . Of the eight possible mappings between both sets of

points the one that minimizes this sum is used. This defines a geometric difference
measure∆E(Eex

k ,Edb
k ).
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For f ex
k = f db

k = 0 we define∆E = 0. If f ex
k > 0∧ f db

k = 0 the affected marker in
the database posture is made visible by not rendering any other component of the hand
model (this is done offline). The now visible marker’s COG is then used in place of the
eight border points to compute∆E . If f ex

k = 0∧ f db
k > 0 the database is searched for a

postureQ that differs fromPdb only in the bending of the affected finger, and for which
fk is minimal or zero (again this happens offline).∆E for markerk is then computed
betweenQ andPdb. In general, if a marker’s visibility differs betweenFex andFdb, the
visible marker’s area will be small since the search tree returns only candidates with
f db
k ≈ f ex

k ∀ k.
In order to favor shape similarity over position congruencea weighting of∆E by the

difference of the ellipses’ area is performed. The feature difference is thus defined as

∆F(Fex
,Fdb) ≔ ∑

k

∆E(Eex
k ,Edb

k ) · (1+ | f ex
k − f db

k |) (4)

When querying the database the search tree returnsM entries, whereN ≪ M ≪ D.
∆F is computed for allM entries to find theN that best matchFex, which form the set
of hypotheses for the considered frame.

7 Posture Sequence Recognition

The recognition of posture sequences is based upon the hypotheses provided by the
static recognition stage described in the previous section. It computes the actual recog-
nition result and can also be used to optimize system parameters by synthetically gen-
erating input data for which ground truth is known. Fig. 3 shows a schematic overview.

Features Extraction3D Hand Model

RecognitionOptimization

Static Recognition

Disambiguation

Postures SmoothingPosture Differences

Postures
Input

Recognized
Postures

Synthetic
Images

Real−life
Images

Features

Hypotheses

Postures

Recognized PosturesAccuracy Assessment

− Postures
− Features

Database:

Monocular
Camera

Fig. 3. Posture sequence recognition and parameter optimization

7.1 Disambiguation

For a sequenceI(0), . . . , I(T − 1) of input images, the corresponding features
Fex(0), . . . ,Fex(T − 1) are extracted, for which the static recognition stage generates
the sets of hypothesesH(0), . . . ,H(T − 1), each containingN possible database fea-
tures and postures, i.e.H(t) = 〈h0(t), . . . ,hN−1(t)〉 with hn(t) = 〈Fdb

n (t),Pdb
n (t)〉 for

t = 0, . . . ,T −1 andn = 0, . . . ,N −1.
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At 25 fps,T = 75 for a three second input sequence. We useN = 200, resulting in
NT ≈ 3.8·10172 posture sequence in hypothesis space, and apply the Viterbialgorithm,
which scales withO(T N2). The step metricσ(hi(t − 1),h j(t)), which represents the
cost of choosing hypothesish j(t) given thathi(t −1) is its predecessor, is defined as

σ(hi(t −1),h j(t)) ≔ (1− γ) ·max
{

∆P

(
Pdb

i (t −1),Pdb
j (t)

)
−∆⋆,0

}
+

γ ·∆F

(
Fex(t),Fdb

j (t)
)

for t = 1, . . . ,T −1 (5)

The step metric combines the feature difference∆F between a hypothesis and the corre-
sponding extracted features and the posture difference∆P between successive hypothe-
ses, thus favoring a high feature similarity as well as temporal continuity of postures.
∆⋆ is a small, positive, empirically determined value subtracted from∆P in order to
allow small posture deviations.γ weights the feature and posture differences and was
optimized iteratively using sequences of synthetic imagesprovided by the hand model
(cf. left part of Fig. 3).

The path metricπ(hi(t)) is the sum of step metrics along the path leading tohi(t)
and is initialized to

π(hi(0)) ≔ γ ·∆F(Fex(0),Fdb
i (0)) (6)

The path that minimizesπ(h) for h ∈ H(T − 1) constitutes the resulting posture se-
quenceS(I(0), . . . , I(T −1)) = 〈h(0), . . . ,h(T −1)〉. Since this is only computed after
several seconds of input video have been observed, posture errors in individual frames
are retrospectively corrected as soon as they become apparent in the light of additional
observations.

7.2 Smoothing

The sequences provided by the disambiguation stage only contain postures from the
database, i.e. from a finite, discrete subset of the infinite space of continuous postures.
In order to bridge these jumps and to alleviate small recognition errors, the sequence is
smoothed, which happens individually for each bending and view angle parameter.

Recall thath(t) = 〈Fdb(t),Pdb(t)〉 andPdb(t) = 〈BPdb(t),V Pdb(t)〉. Let r0, . . . ,rR−1

be the indices of the most reliable hypotheses from〈h(0), . . . ,h(T −1)〉. Starting with
r0 = 0 the next most reliable hypothesis forh(ri) is h(ri+1) ∈ {h(ri +α), . . . ,h(ri +β)}
with minimal∆F(Fex(ri+1),Fdb(ri+1)). Appropriate values areα = 1 andβ = 4.

Let ρ(t) denote a hand model parameter inPdb(t). For{〈ri,ρ(ri)〉|i = 0, . . . ,R−1}
the system computes the interpolating cubic splines(t), i.e. s(ri) = ρ(ri) for i =
0, . . . ,R − 1. The smoothed sequence of hand model parameters is then given by
s(0), . . . ,s(T −1). Performing this interpolation individually for each handmodel para-
meter yields the smoothed sequence of postures.

8 Evaluation

We evaluated the system’s performance on synthetic and real-life images. Using a stan-
dard PC with a 1.6 GHz CPU and 1.25 GB RAM, processing speed is approx. 5 fps.

8



8.1 Synthetic Input

Synthetic input images offer the opportunity to measure recognition precision quan-
titatively. We generated 500 random sequences that evenly cover the posture space,
each consisting of 75 consecutive postures featuring continuous changes in bothBP

andV P. The corresponding images have been distorted by blanking 3×3 tiles overlap-
ping by 1 pixel with a probabilitypnoise as illustrated in Fig. 4. The results are listed

Fig. 4. Noise levelspnoise= 0%,5%,10%,20% (left to right; image resolution 136×105)

in Tab. 1, where “Posture Difference” refers to (1), “Fingertip Distance” denotes the
average Euclidean distance (in cm) of corresponding fingertips without consideration
of view angles, and “Finger Bending Deviation” refers to theposture parametersB (cf.
Sec. 4). These results demonstrate that the system is robustto significant noise.

Table 1.Recognition accuracy for synthetic input

pnoise Posture DifferenceFingertip Distance Median of Finger Bending Deviation
average median average median th1 th2 th3 ff mf rf lf

0% 111.542 74.642 1.940 1.782 0.2270.2570.2330.0750.0770.0870.099
5% 108.506 75.912 1.952 1.795 0.2240.2550.2300.0800.0770.0840.097

10% 112.841 76.600 1.965 1.815 0.2280.2620.2480.0740.0770.0870.100
20% 144.636 97.338 2.272 2.102 0.2410.2420.2570.1050.0960.1000.134

8.2 Real-life Input

Real-life performance has been tested on sequences of signed numbers. Fig. 5 depicts
some examples, each showing a magnification (220× 145) of the actual input image
(360× 288) and the recognized posture. By visual comparison matchquality is high.
Fig. 5 (d) illustrates the system’s reaction to marker detection failures.

9 Discussion and Conclusion

We have presented a method that recognizes hand postures (finger bendings and view
angle) from monocular image sequences. It imposes no posture restrictions and requires
no initialization or person-dependent training. Performing appearance-based matching
by searching a database, coupled with a Viterbi search in posture space, provides an
efficient means of handling ambiguities.

Our experiments show promising results. Future work will primarily focus on
processing speed, which can be increased by removing anatomically impossible pos-
tures and views from the database, and by improving the search tree’s efficiency.
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(a) (b) (c) (d)

Fig. 5.Real-life examples (for (d) the back-of-hand marker has been removed manually)

References

1. Zieren, J., Kraiss, K.F.: Robust Person-Independent Visual Sign Language Recognition. In:
IbPRIA 2005. Volume Lecture Notes in Computer Science. (2005)

2. Zieren, J.: Hand Gesture Commands. In: Advanced Man-Machine Interaction. Springer
(2006) 7–56

3. Bebis, G., Harris, F., Erol, A., Yi, B., Martinez, J., Hernandez-Usabiaga, J., Fritzinger, S.:
Development of a Nationally Competitive Program in Computer Vision Technologies for
Effective Human-Computer Interaction in Virtual Environments. Technical report, BioVIS
Lab. in BioVIS Technology Center of NASA Ames Research Center (2002)

4. Nölker, C.: Grefit: Ein System zur Visuellen Erkennung von Handposturen. PhD thesis,
Technische Fakultät der Universität Bielefeld (2000)

5. Rehg, J.M.: Visual Analysis of High DOF Articulated Objects with Application to Hand
Tracking. PhD thesis, School of Computer Science, CarnegieMellon University (1995)

6. Imai, A., Shimada, N., Shirai, Y.: 3-D Hand Posture Recognition by Training Contour Vari-
ation. In: International Conference on Automatic Face and Gesture Recognition. (2004)

7. Vittrup, M., Sørensen, M.K.D., McCane, B.: Pose Estimation by Applied Numerical Tech-
niques. In: Image and Vision Computing, New Zealand. (2002)

8. Athitsos, V., Sclaroff, S.: Estimating 3D Hand Pose from aCluttered Image. In: Proc. IEEE
CVPR. (2003)

9. Fillbrandt, H., Akyol, S., Kraiss, K.F.: Extraction of 3DHand Shape and Posture from Image
Sequences for Sign Language Recognition. In Azada, D., ed.:IEEE International Workshop
on Analysis and Modeling of Faces and Gestures (AMFG). (2003)

10. Chua, C.S., Guan, H., Ho, Y.K.: Model-based 3D hand posture estimation from a single 2D
image. Image Vision Comput.20(3) (2002)
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