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Abstract. Sign language recognition constitutes a challenging field of
research in computer vision. Common problems like overlap, ambiguities,
and minimal pairs occur frequently and require robust algorithms for
feature extraction and processing. We present a system that performs
person-dependent recognition of 232 isolated signs with an accuracy of
99.3% in a controlled environment. Person-independent recognition rates
reach 44.1% for 221 signs. An average performance of 87.8% is achieved
for six signers in various uncontrolled indoor and outdoor environments,
using a reduced vocabulary of 18 signs.

The system uses a background model to remove static areas from the
input video on pixel level. In the tracking stage, multiple hypotheses
are pursued in parallel to handle ambiguities and facilitate retrospective
correction of errors. A winner hypothesis is found by applying high level
knowledge of the human body, hand motion, and the signing process.
Overlaps are resolved by template matching, exploiting temporally adja-
cent frames with no or less overlap. The extracted features are normal-
ized for person-independence and robustness, and classified by Hidden
Markov Models.

1 Introduction

An important research area in computer vision is the tracking of objects in image
sequences. This is often combined with the computation of features that describe
the observed scene. Applied to human hands, classification methods known from
speech recognition can be used to recognize gestures. The recognition of sign
languages [1-5] is technically a special case of gesture recognition. It allows deaf
people to intuitively control interactive devices in their first language [6].

Gestures can be defined in such a way that common computer vision problems
like overlap, ambiguities, or minimal pairs do not occur. Signs, however, may
only be chosen from a well-defined vocabulary. For sign language recognition,
it is therefore essential to devise algorithms that perform reliably even in the
aforementioned problematic situations.

This work describes a sign language recognition system that combines several
properties previously not reported for a single application:

— It is non-intrusive, using a standard webcam (320 x 240 pixel, 25 fps) and a
monocular frontal view. Requirements regarding video quality are very low.



— It operates with most uncontrolled backgrounds and lighting conditions, al-
lowing mobile use.

— Person-independent operation is supported.

— Under ideal conditions, person-dependent recognition rates of 99.3% are
achieved on a vocabulary of 232 signs from British Sign Language (BSL).

Section 2 presents the sign language video clips used for training and testing.
System design and algorithms are described in section 3. Results for various
recognition tasks can be found in section 4. Section 5 gives a short conclusion.

2 Application Scenario

A data base of BSL video clips (isolated signs, 2-3 seconds each) was created fea-
turing two different recording setups. An average of 229 signs were performed by
four signers, using strong lighting and homogenous backgrounds (see Fig. 1a,b).
These form the system’s vocabulary and serve for both training and testing. A
subset of these signs was recorded under real-world conditions with a regular
webcam using six other persons (see Fig. 1c,d), and used only for testing. All
signs were repeated five times. Since this work focuses on manual features, signs
differing solely in non-manual features were not included in the vocabulary.
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Fig.1. Example frames from the training/test data base. a,b: Ideal conditions
(384288 pixel, 25 fps). c,d: Real-world conditions (320x240 pixel, 25 fps).

3 System Design

The recognition system can be divided into a feature extraction stage and a
feature processing stage, each containing several modules, as shown in Fig. 2.
Section 3.1 explains the feature extraction stage and the high level knowledge
applied therein. The feature processing stage is discussed in section 3.2.

3.1 Feature Extraction

The following sections 3.1.1 to 3.1.4 describe the four feature extraction modules.

3.1.1 Face Detection and Threshold Segmentation A person and illu-
mination independent skin color model [7] is used to create a skin probability
map that allows robust detection of the signer’s face and hands, but produces
numerous false alarms in real-world settings. Background modelling as described
in section 3.1.2 cannot be applied here because the face itself is mostly static.



The skin probability threshold for the following segmentation is found automat-
ically. A metric has been defined to quantify a given boundary’s deviation from
that of an average face in terms of several geometric features (position, size,
orientation, axis ratio, compactness). A number of thresholds is then tested and
the one which yields the face candidate blob with the lowest deviation is chosen.

The use of skin color leads to the common restriction that the signer must
wear long-sleeved, non-skin-colored clothing to allow a color-based segmentation
of face and hands at least in the absence of overlap [1,2,8,9].
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Fig. 2. Schematic of the recognition system.

Fig. 3. a: Background model. b: Example frame. c: Foreground pixels (white).

3.1.2 Background Modelling After the face has been detected and seg-
mented, the image background is excluded from further processing to reduce
computational cost and the number of distractors. This is done on pixel level
since a semantic interpretation is not available at this stage. A simple yet effec-
tive method to create a background model py (g, yo) = (s, gv, by) for coordinates
(0, Yo) is to compute the median of all pixels p(zo, yo, t) over time ¢. Fig. 3 shows
the background model for a complete clip (a) and its application to an individ-
ual frame (b,c). In comparison, approaches that model py(zo,yo) as a mixture
of Gaussians [10-12] proved less robust on short video clips and require multiple
parameters to be specified, whereas the median is parameter-free.

3.1.3 Hand Localization and Tracking The only image cue used for hand
localization is color. This is motivated by the hands’ extremely variable appear-



ance, which prevents the use of shape or texture cues. Especially at typical image
resolutions around 320 x 240, these cannot be exploited reliably. The principal
drawback of the color cue is its susceptibility to false alarms. It is therefore
important to devise tracking algorithms that explicitly deal with ambiguities.
Fig. 4a shows the skin color segmentation of a typical scene (Fig. 3b). This
observation does not allow a direct conclusion as to the actual hand configura-
tion. Instead, there are multiple interpretations, or hypotheses, as visualized in
Fig. 4b—d. Previous observations may suggest a certain interpretation, but they
may be incorrect, so no decision should be made at this stage.
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Fig. 4. a: Skin color segmentation. b—d: Subset of hypotheses to a (correct: d).

Therefore, the tracking stage creates all conceivable hypotheses for every
frame. Transitions are possible from each hypothesis at time ¢ to all hypotheses
at time ¢+ 1, resulting in a state space as shown exemplarily in Fig. 5. The total
number of paths through this state space equals [[+N(t), where N(¢) denotes
the number of hypotheses at time ¢. Provided that the skin color segmentation
detected both hands and the face in every frame, one of these paths represents
the correct tracking result. In order to find this path (or one as close as possible
to it), probabilities are computed heuristically that indicate the likeliness of each
hypothesized configuration, pgiate, and the likeliness of each transition, piransition
(see Fig. 5). High level knowledge is applied as follows:

— A biomechanical body model is created from the face position, face size,
and hands position. Configurations that are physiologically unlikely or do
not occur in sign language reduce pgiate- This considers the three phases of
a sign (preparation, stroke, retraction), as well as the signer’s handedness
(which has to be known in order to correctly interpret the feature vector).

— Even in fast motion, the area enclosed by the hand’s boundary changes only
slowly between successive frames at 25 fps. In case of the start or cessation
of an overlap, the area drops or rises by the size of the individual blobs.
Thus, at time ¢, an estimate can be computed for time ¢4 1. With increasing
deviation of the actual from the expected area, piransition 1S reduced.

— Similarly, hand position changes slowly so that coordinates at time ¢ may
serve as a prediction for time ¢ 4+ 1. Kalman filters have been found not to
increase tracking performance since the direction of movement varies too
quickly during the stroke phase. Also, they would prohibit the application
of the Viterbi algorithm (see below) by adding a memory to each path.

— The above criteria tend to favor slowly moving distractors. To counter this
effect, the average color difference of a hand blob’s pixels between the current
and the previous frame is computed. Higher values increase pgtate-



To search the hypothesis space, the Viterbi algorithm [13] is applied in con-
junction with pruning of unlikely paths.
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Fig. 5. Hypothesis space and probabilities for states and transitions.

The multiple hypotheses tracking approach ensures that all available infor-
mation is evaluated before the final tracking result is determined. The tracking
stage can thus exploit, at time ¢, information that becomes available only at time
t1 > t. Errors are corrected retrospectively as soon as they become apparent.

3.1.4 Overlap Resolution When two or more objects overlap each other
in the image, the skin color segmentation yields only a single blob for multiple
objects. This happens frequently in sign language. A direct extraction of mean-
ingful features is not possible in this case. Low contrast, low resolution, and the
hands’ variable appearance do not allow a separation of the overlapping objects
by an edge-based segmentation either. Most of the geometric features available
for unoverlapped objects can therefore not be computed for overlapping objects
and are interpolated linearly. However, a hand’s appearance is sufficiently con-
stant over several frames for template matching to be applied. Using the last
unoverlapped view of each overlapping object as a template, at least position
features — which fortunately carry much information — can be reliably computed
during overlap. The accuracy of this method decreases with increasing template
age, but the multiple hypotheses framework allows to also access the first unover-
lapped view after the cessation of an overlap and use it as a second template. The
system prefers whichever template produced the better match. This effectively
halves the maximum template age and increases precision considerably.

3.2 Feature Processing

The geometric features computed by the tracking stage to describe each hand’s
configuration are:

— Coordinates x,y of the center of gravity (COG), and their derivatives &,y
— Area a, and its derivative a

— Ratio 7 of inertia parallel and orthogonal to the main axis

— sin 2« and cos « of the main axis orientation «

— Compactness ¢ and eccentricity e [14]



These elements constitute the 22-dimensional feature vector forwarded to the
classifier and used in the application of high level knowledge. Position (zr,yr)
and width (wp) of the face are used for normalization (see below), but are not
included in the feature vector. Sections 3.2.1 and 3.2.2 explain the two modules
that constitute the feature processing stage as shown in Fig. 2.

3.2.1 Normalization a depends on image resolution as well as on the signer’s
distance to the camera. x and y additionally depend on the signer’s position in
the image. For a person-independent real-world application, these features have
to be normalized. The feature processing stage estimates the position of the
signer’s shoulders from z p, yr, and wg, and specifies the position of the left /right
hand relative to the left/right shoulder. Distances and areas are normalized by
wp and w%.

3.2.2 Classification After cropping idle feature vectors at the beginning and
the end, and an optional mirroring for left-handed signers, the feature vector
sequence is forwarded to the HMM classifier. The system allows to only activate
a subset of all HMMs, depending on the application context. For use in an
interactive dialog, this would be the items in the current menu.

4 Evaluation

Due to the lack of standardized benchmarks, recognition rates of different sys-
tems cannot be compared directly since they are valid only for the actual test
scenario. Nevertheless, they give a general idea of a system’s performance and
provide a useful measure when parameters are varied.

Test Signer, Vocabulary Size
Video Features| Ben Michael | Paula | Sanchu z
Resolution 235 signs | 232 signs | 219 signs | 230 signs || 229 signs

384 x 288 all 98.7% 99.3% 98.5% 99.1% 98.9%
192 x 144 all 98.5% 97.4% 98.5% 99.1% 98.4%
128 x 96 all 97.7% 96.5% 98.3% 98.6% 97.8%
96 x 72 all 93.1% 93.7% 97.1% 95.9% 94.1%
384 x 288 | z,%,y,y | 93.8% 93.9% 95.5% 96.1% 94.8%

Table 1. Person-dependent recognition rates in controlled environments.

Tab. 1 shows the person-dependent recognition rates from a leaving-one-out
test for the four signers recorded as shown in Fig. la,b and various test video
resolutions. The training resolution was always 384 x 288. Vocabulary size is
specified for each signer since the number of recorded signs varies slightly. In-
terestingly, COG coordinates alone allow recognition rates up to 96% for 230
signs. On a 2 GHz PC, processing took an average of 11.79s/4.15s/3.08s/2.92s
per sign, depending on resolution. Low resolutions cause only a slight decrease
in recognition rate but reduce processing time considerably. Compared to pre-
vious results, an increase in both vocabulary size and recognition rate has been
achieved. Higher performance has only been reported for intrusive systems.



Training Test | Vocabulary n-Best Rate
Signer(s) Signer Size 1 5 10
Michael Sanchu 205 37.1%158.1% | 65.0%
Paula, Sanchu Michael 218 31.2% | 54.7% | 63.4%
Ben, Paula, Sanchu | Michael 224 32.9% |57.8% |67.1%
Ben, Michael, Paula | Sanchu 221 44.1%169.6% | 79.1%
Ben, Michael, Sanchu| Paula 212 31.5% | 57.8% | 68.5%
Michael, Sanchu Ben 206 3.7% [11.7% [ 15.3%

Table 2. Person-independent recognition rates in controlled environments.

Tab. 2 shows results for person-independent recognition. Since the signers
used different signs for some words, the vocabulary has been chosen as the inter-
section of the test signs with the union of all training signs. In case of multiple
training signers, some signs (around 5%) were therefore only trained with a sub-
set of the training signers. No selection has been performed otherwise, and no
minimal pairs have been removed. As expected, performance drops significantly.
This is caused by strong interpersonal variance in signing. In particular, Ben’s
signing differs from the other three. Fig. 6 shows COG traces for identical signs
done by different signers to visualize the degree of deviation. Recognition rates
are also affected by the exact constellation of training/test signers and do not
necessarily increase with the number of training signers.
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Fig. 6. Interpersonal variance. Traces from Michael (white) and Paula (black) signing
“autumn” (a), “recruitment” (b), “tennis” (c), and Michael (white) and Ben (black)
signing “distance” (d), “takeover” (e).

Vocabulary Test Signer
Size Christian | Claudia | Holger | Jorg |Markus | Ulrich || &
6 96.7% | 83.3% |96.7% | 100% | 100% |93.3% || 95.0%
18 90.0% | 70.0% |90.0% |93.3% | 96.7% |86.7% || 87.8%

Table 3. Person-independent recognition rates in uncontrolled environments.

Person-independent performance in uncontrolled environments is difficult to
measure since it depends on multiple parameters (signer, vocabulary, back-
ground, lighting, camera). Tab. 3 shows results for small vocabularies. Each



person was recorded in a different environment (see Fig. 1c,d). The classifier was
trained with Ben, Michael, and Paula. The feature extraction stage performed
well in most scenarios, but inter-personal variance does not allow to recognize
larger vocabularies with comparable accuracy. This problem is aggravated by
noise and outliers invariably introduced in the features when operating in real-
world settings.

5 Conclusion

High recognition performance has been achieved for person-dependent classifi-
cation. The presented system is also suitable for person-independent real-world
applications where small vocabularies suffice, such as controlling interactive
devices. Two main challenges can be identified for robust person-independent
recognition of larger vocabularies: Accurate feature extraction in real-world con-
ditions, and handling inter-personal variance in feature processing. We are con-
fident that multiple hypothesis tracking solves the former, while the latter will
clearly be subject of further research.
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