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Abstract
This paper presents a method to perform person independent sign recognition. This is achieved by implementing generalising features based on
sign linguistics. These are combined using two methods. The first is traditional Markov models, which are shown to lack the required generalisation.
The second is a discriminative approach called Sequential Pattern Boosting,
which combines feature selection with learning. The resulting system is introduced as a dictionary application, allowing signers to query by performing a sign in front of a KinectTM . Two data sets are used and results shown
for both, with the query-return rate reaching 99.9% on a 20 sign multi-user
dataset and 85.1% on a more challenging and realistic subject independent,
40 sign test set.
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Introduction

While image indexes into search engines are becoming common place, the ability
to search using an action or gesture is still an open research question. For sign language users, this makes looking up new signs in a dictionary a non-trivial task. All
existing sign language dictionaries are complex to navigate due to the lack of universal indexing feature (like the alphabet in written language). This work attempts
to address this by proposing an interactive sign dictionary. The proposed dictionary
can be queried by enacting the sign, live, in front of a Microsoft KinectTM device.
The input query is matched to a database of signs and a ranked list of the most
similar signs is returned to the user along with linguistic meaning.
In a written language dictionary, words are usually ordered alphabetically and
the user can look up a word with ease. In contrast, although there are notations
for sign language [15, 8, 6, 1], they are mainly used by linguists rather than native
sign language users. Moreover, there is no single attribute that can be used to order
a sign language dictionary: it could be ordered by handshape (as in [1]), motion,
location or by some more abstract concept such as grammatical type, meaning or
translation into a spoken language (the latter two being used in books for students
learning sign language). None of these are convenient, making the look-up of unknown signs particularly difficult for the average sign user; therefore an interactive
dictionary is required.
Traditional sign recognition systems use tracking and data driven approaches [5,
20]. However, there is an increasing body of research which suggests that using linguistically derived features can offer good performance. [12, 2] The requirement of
tracked data means that the KinectTM device has offered the sign recognition community a short-cut to real-time performance. In the relatively short time since its
release several proof of concept demonstrations have emerged. Ershaed et al. have
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focussed on Arabic sign language and have created a system which recognises isolated signs. They present a system working for 4 signs and recognise some close
up handshape information [4]. At ESIEA they have been using Fast Artificial Neural Networks to train a system which recognises two French signs [19]. This small
vocabulary is a proof of concept but it is unlikely to be scalable to larger lexicons.
It is for this reason that many sign recognition approaches use variants of Hidden
Markov Models (HMMs) [14, 18]. One of the first videos to be uploaded to the web
came from Zafrulla et al. and was an extension of their previous CopyCat game for
deaf children [21]. The original system uses coloured gloves and accelerometers to
track the hands, this was replaced by tracking from the KinectTM . They use solely
the upper part of the torso and normalise the skeleton according to arm length.
They have an internal dataset containing 6 signs; 2 subject signs, 2 prepositions
and 2 object signs. The signs are used in 4 sentences (subject, preposition, object)
and they have recorded 20 examples of each. They list under further work that
signer independence would be desirable which suggests that their dataset is single signer but this is not made clear. By using a cross validated system they train
HMMs (Via the Georgia Tech Gesture Toolkit [9]) to recognise the signs. They
perform 3 types of tests, those with full grammar constraints getting 100%, those
where the number of signs is known getting 99.98% and those with no restrictions
getting 98.8%.
While these proof of concept works have achieved good results on single signer
datasets, the aim of this work is to directly tackle signer independence using the
KinectTM . To this end, a set of generalising features are extracted and sign classifiers are trained across a group of signers. Firstly, using the OpenNI/Primesense
libraries [11, 13], the skeleton of the user is tracked. Following this, a range of
features are extracted to describe the sign in terms similar to Sign Gesture Markup Language (SiGML) [3] or The Hamburg Notation System (HamNoSys) notation [6]. SiGML is an xml-like format which describes the various elements of
a sign. HamNoSys is a linguistic notation, also for describing sign via its subunits. 1 These sub-sign features are then combined into sign level classifiers. Two
methods for this are investigated, firstly using a Markovian approach and secondly
using a novel Sequential Pattern Boosting method. Finally results are presented
on two datasets for both the signer dependent/multi-user case as well as the more
challenging signer independent scenario.
1
Conversion between the two forms is possible for most signs. However while HamNoSys is
usually presented as a font for linguistic use, SiGML is more suited to automatic processing.
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Features

Two types of features are extracted, those encoding the motion of the hands and
those encoding the location of the sign being performed. These features are simple
and capture and capture general motion which generalises well; achieving excellent results when combined with a suitable learning framework as will be seen in
section 4.

2.1

Motion Features

Sign linguists describe sign motions in conceptual terms such as ‘hands move left’
or ‘dominant hand moves up’ [16, 17]. These generic labels can cover a wide range
of signing styles whilst still containing discriminative motion information. In this
work we focus on linear motion directions. Specifically, individual hand motions in
the x plane (left and right), the y plane (up and down) and the z plane (towards and
away from the signer). This is augmented by bi-manual classifiers for ‘hands move
together’, ‘hands move apart’ and ‘hands move in sync’. The approximate size of
the head is used as a heuristic to discard ambient motion (that less than 0.25 the
head size) and the type of motion occurring is derived directly from deterministic
rules on the x,y,z co-ordinates of the hand position. The resulting feature vector is a
binary representation of the found linguistic values. The list of 17 motion features
extracted is shown in table 1.

2.2

Location Features

Many signs are described partially by the locations at which they happen. From
linguistics, these are not absolute values such as the x,y,z co-ordinates returned by
the tracking, but usually related to the signer. Example locations in HamNoSys
are ‘by the ear’, ‘on the right shoulder’ or ‘on the lips’. A subset of these can be
accurately positioned using the skeleton returned by the tracker. As such, the location features are calculated using the distance of the dominant hand from skeletal
joints. A feature will fire if the dominant hand is closer than H head /2 of the joint
in question. A list of the 9 joints considered is shown in table 1 and displayed to
scale in figure 1. While displayed in 2D, the regions surrounding the joints are
actually 3D spheres. When the dominant hand (in this image shown by the smaller
red dot) moves into the region around a joint then that feature will fire. In the example shown it would be difficult for two features to fire at once. When in motion,
the left hand and elbow regions may overlap with other body regions meaning that
more than one feature fires at a time.
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Locations
head
neck
torso
L shoulder
L elbow
L hand
L hip
R shoulder
R hip

Motions
Right or Left Hand Bi-manual
left
∆x > λ
in sync
right
∆x < −λ
|δ(L, R)| < λ
up
∆y > λ
and
down
∆y < −λ
FR = FL
towards ∆z > λ
together
away
∆z < −λ ∆(δ(L, R)) < −λ
∆L < λ
apart
none
∆R < λ
∆(δ(L, R)) > λ

Table 1: Table listing the locations and hand motions included in the feature vectors.
The conditions for motion are shown with the label. Where x, y, z is the position
of the hand, either left (L) or right (R), ∆ indicates a change from one frame to
the next and δ(L, R) is the Euclidean distance between the left and right hands. λ
is the threshold value to reduce noise and increase generalisation, this is set to be a
quarter the head height. F R and F L are the motion feature vectors relating to the
right and left hand respectively.
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Sign Level classification

The motion and location binary feature vectors are concatenated to create a single
binary feature vector F = (fi )D
i=1 per frame, where fi ∈ {0, 1} and D = 26 is
the number of dimensions in the feature vector. This feature vector is then used as
the input to a sign level classifier for recognition. By using a binary approach, better generalisation is obtained. This requires far less training data than approaches
which must generalise over both a continuous input space as well as the variability
between signs (e.g. HMMs). Two sign level classification methods are investigated. Firstly, Markov models which use the feature vector as a whole and secondly
Sequential Patten Boosting which performs discriminative feature selection.

3.1

Markov Models

HMMs are a proven technology for time series analysis and recognition. While
they have been employed for sign recognition, they have issues due to the large
training requirements. Kadir et al. [7] overcame these issues by instead using a
simpler Markov model when the feature space is discrete. The symbolic nature of
HamNoSys means that the discrete time series of events can be modelled without
5

Figure 1: Body joints used to extract sign locations
a hidden layer. To this end a Markov chain is constructed for each sign in the
dictionary. An ergodic model is used and a Look Up Table (LUT) employed to
maintain as little of the chain as is required. Code entries not contained within the
LUT are assigned a nominal probability. This is done to avoid otherwise correct
chains being assigned zero probabilities if noise corrupts the input signal. The
result is a sparse state transition matrix, Pω (Ft |Ft−1 ), for each word ω giving a
classification bank of Markov chains. During creation of this transition matrix,
secondary transitions are included, where Pω (Ft |Ft−2 ). This is similar to adding
skip transitions to the left-right hidden layer of a HMM which allows deletion
errors in the incoming signal. While it could be argued that the linguistic features
constitute discrete emission probabilities; the lack of a doubly stochastic process
and the fact that the hidden states are determined directly from the observation
sequence, separates this from traditional HMMs which cannot be used due to their
high training requirements. During classification, the model bank is applied to
incoming data in a similar fashion to HMMs. The objective is to calculate the
chain which best describes the incoming data i.e. has the highest probability that
it produced the observation F . Feature vectors are found in the LUT using an L1
distance on the binary vectors. The probability of a model matching the observation
6
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sequence is calculated as P (ω|s) = υ lt=1 Pω (Ft |Ft−1 ), where l is the length of
the word in the test sequence and υ is the prior probability of a chain starting in
any one of its states. In a dictionary case, without grammar, υ = 1.

3.2

Sequential Pattern Boosting

The problem with Markov models is that they encode exact series of transitions
over all features rather than relying only on discriminative features. This leads to
significant reliance on user dependant feature combinations which if not replicated
in test data, will result in poor recognition performance. Sequential patterns, on the
other hand, compare the input data for relevant features and ignore the irrelevant
features. A sequential pattern is a sequence of discriminative itemsets (i.e. feature
subsets) that occur in positive examples and not negative examples (see Figure 2).
We define an itemset T as the dimensions of the feature vector F that have the
value of 1: T ⊂ {1, ..., D} be a set of integers where ∀t ∈ T, ft = 1. Following
|T|
this, we define a sequential pattern T of length |T| as: T = (Ti )i=1 , where Ti is
an itemset.
In order to use sequential patterns for classification, we first define a method
for detecting sequential patterns in an input sequence of feature vectors. To this
end, firstly let T be a sequential pattern we wish to detect. Suppose the given
|F |
feature vector input sequence of |F| frames is F = (Ft )t=1 , where Ft is the binary
feature vector defined in Section 3. We firstly convert F into the sequential pattern
|F|
I = (It )t=1 , where It is the itemset of feature vector Ft . We say that the sequential
|T|
pattern T is present in I if there exists a sequence (βi )i=1 , where βi < βj when
i < j and ∀i = {1, ..., |T|}, Ti ⊂ Iβi . This relationship is denoted with the ⊂S
|T|
operator, i.e. T ⊂S I. Conversely, if the sequence (βi )i=1 does not exist, we
denote it as T 6⊂S I.
From this, we can then define a sequential pattern weak classifier as follows:
Let T be a given sequential pattern and I be an itemset sequence derived from
some input binary vector sequence F . A sequential pattern weak classifier or SP
weak classifier, hT (I), can be constructed as follows:
(
1,
if T ⊂S I
hT (I) =
(1)
−1, if T 6⊂S I
A strong classifier can be constructed by linearly combining a number (S) of selected SP weak classifiers in the form of:
H(I) =

S
X
i=1
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(2)

(a) Feature vector

(b) Sequential Pattern

Figure 2: Pictorial description of Sequential Patterns.
(a) shows an example feature vector made up of 2D motions of the hands. In this
case the first element shows ‘right hand moves up’, the second ‘right hand moves
down’ etc. (b) shows a plausible pattern that might be found for the sign ‘bridge’.
In this sign the hands move up to meet each other, they move apart and then curve
down as if drawing a hump-back bridge.
The weak classifiers hi are selected iteratively based on example weights formed
during training. In order to determine the optimal weak classifier at each Boosting iteration, the common approach is to exhaustively consider the entire set of
candidate weak classifiers and finally select the best weak classifier (i.e. that with
the lowest weighted error). However, finding SP weak classifiers corresponding
to optimal sequential patterns this way is not possible due to the immense size of
the sequential pattern search space. To this end, the method of Sequential Pattern Boosting is employed[10]. This method poses the learning of discriminative
sequential patterns as a tree based search problem. The search is made efficient
by employing a set of pruning criteria to find the sequential patterns that provide
optimal discrimination between the positive and negative examples. The resulting
tree-search method is integrated into a boosting framework; resulting in the SPBoosting algorithm that combines a set of unique and optimal sequential patterns
for a given classification problem. For this work, classifiers are built in a one-vsone manner and the results aggregated for each sign class.

4

Results

While the interactive dictionary is intended to work as a live system, quantitative
results have been obtained by the standard method of splitting pre-recorded data
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into training and test sets. The split between test and training data can be done
in several ways. This work uses two versions, the first to show results on signer
dependent data, as is traditionally used, the second shows performance on un-seen
signers, a signer independent test. In addition to these tests, a version of the demo
has received preliminary external evaluation by Deaf users as a tool which leads to
not only quantitative but also qualitative feedback.

4.1

Data Sets

Two data sets were captured for training the dictionary; The first is a data set of 20
Greek Sign Language (GSL) signs, randomly chosen and containing both similar
and dissimilar signs. This data includes six people performing each sign an average of seven times. The signs were all captured in the same environment with the
KinectTM and the signer in approximately the same place for each subject. The second data set is larger and more complex. It contains 40 Deutsche Gebärdensprache
- German Sign Language (DGS) signs, chosen to provide a phonetically balanced
subset of HamNoSys phonemes. There are 15 participants each performing all the
signs 5 times. The Data was captured using a mobile system giving varying view
points.

4.2

GSL Results

Two variations of tests were performed; firstly the signer dependent version, where
one example from each signer was reserved for testing and the remaining examples were used for training. This variation was cross-validated multiple times by
selecting different combinations of train and test data. Of more interest for this application however, is signer independent performance. For this reason the second
experiment involves reserving data from a subject for testing, then training on the
remaining signers. This process is repeated across all signers in the data set. Since
the purpose of this work is as a dictionary, the classification does not return a single
response. Instead, like a search engine, it returns a ranked list of possible signs.
Ideally the sign would be close to the top of this list. We show results for 2 possibilities; The percentage of signs which are correctly ranked as the first possible
sign (Top 1) and the percentage which are ranked in the top 4 possible signs. The
results of both the Markov models and the Sequential Patten Boosting are shown
in table 2.
As is noted in section 3.2, while the the Markov models perform well when
they have training data which is close to the test data, they are less able to generalise. This is shown by the dependent results being high, average 92% within the
top 4, compared to the average independent result which is almost 20Percentage
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Test

Independent

1
2
3
4
5
6
Mean
StdDev
Dependent
Mean

Markov Models
Top 1 Top 4
56%
80%
61%
79%
30%
45%
55%
86%
58%
75%
63%
83%
54%
75%
12%
15%

SP-Boosting
Top 1
Top 4
72%
91%
80%
98%
67%
89%
77%
95%
78%
98%
80%
98%
76%
95%
5%
4%

79%

92%

92%

99.90%

Table 2: Results across the 20 sign GSL data set.
Point (pp) lower. It is even more noticeable when comparing the highest ranked
sign only, which suffers from a drop of 25%. When looking at the individual results of the independent test it can be seen that there are obvious outliers in the
data, specifically signer 3 (the only female in the data set), where the recognition
rates are markedly lower. This is reflected in statistical analysis which gives high
standard deviation across the signers in both the top 1 and top 4 rankings when
using the Markov Chains.
When the SP-Boosting is used, again the Dependant case produces higher results, gaining nearly 100% when considering the top 4 ranked signs. However, due
to the discriminative feature selection process employed, the user independent case
does not show such marked degradation, dropping just 4.9pp within the top 4 signs.
When considering the top ranked sign the reduction is more significant at 16pp, but
this is still a significant improvement on the more traditional Markov model. It can
also be seen that the variability in results across signers is greatly reduced using
SP-Boosting, whilst signer 3 is still the signer with the lowest percentage of signs
recognised, the standard deviation across all signs has dropped to 5% for the first
ranked signs and is even lower for the top 4 ranked signs.

4.3

Signer Evaluation

A prototype version of the dictionary using the SP-Boosting and based on the GSL
data set, was evaluated by Deaf signers. Currently, preliminary results are available
for 5 signers. The signers were native Langue des Signes Française - French Sign
Language (LSF) speakers and were shown sentences in GSL containing the signs
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in the dictionary. They were given the dictionary as a tool to help them translate
the signed sequences into LSF. They queried each sign once and were asked for
feedback on the dictionary. Of the times when the sign was not returned, some
possible reasons were noted. One reason was that the conjugation 2 of the sign
in the videos differed from that in the dictionary. While spoken/written languages
may have defined root forms of words, the same is not always true for signs. Where
root forms of signs are defined or used by linguists, they are not of use to a native
signer. One particular example was the sign ‘to bend’ which in the dictionary was
a bar being bent down at one end, but in the GSL phrase, was used to bend an
object towards the signer. Another point was differing signing styles (effectively
accents) used by the two groups of signers; those in the data set and those using
the dictionary. This will have been augmented by the difference in sensor set-up
between the data capture site and the evaluation site. It is likely that the view point
will not have been the same as that of the data. While the features are designed to
reduce the effect of such changes it is likely that this will still affect the test results.
In spite of these problems, the dictionary enabled the signers to find the translation
of the signs 1.6 times faster than if they were looking through a random list.

4.4

DGS Results

The DGS data set offers a more challenging task as there is a wider range of signers
and environments. Experiments were run in the same format as for the GSL data
set. Table 3 shows the results of both the dependent and independent tests. As
can be seen with the increased number of signs the percentage accuracy for the
first returned result is lower than that of the GSL tests at 59.8% for dependent and
49.4% for independent. However the recall rates within the top 4 ranked signs
(now only 10% of the dataset) are still high at 91.9% for the dependent tests and
85.1% for the independent ones. Again the relatively low standard deviation of
5.2% shows that the SP-Boosting is picking the discriminative features which are
able to generalise well to unseen signers.
As can be seen in the confusion matrix (see figure 3), while most signs are well
distinguished, there are some signs which routinely get confused with each other.
A good example of this is the three signs ‘already’, ‘Athens’ and ‘Greece’ which
share very similar hand motion and location but are distinguishable by handshape
which is not currently modelled.
2

The term conjugation is used to describe how signs are modified to suit the context in which
they are used.
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Min

Subject Dependent
Top 1
Top 4
56.7%
90.5%

Subject Independent
Top 1
Top 4
39.9%
74.9%

Max

64.5%

94.6%

67.9%

92.4%

StdDev

1.9%

1.0%

8.5%

5.2%

59.8%

91.9%

49.4%

85.1%

Mean

Table 3: Subject Independent (SI) and Subject Dependent (SD) test results across
40 signs in the DGS data set.

Figure 3: Aggregated confusion matrix of the first returned result for each subject
independent test on the DGS dataset.
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Conclusions and Future Work

This paper has presented a sign dictionary which offers user independent recognition of isolated signs. This has been done by choosing linguistic features which
are able to generalise across signers and combining them with SP-Boosting as a
discriminative learning method. This method can achieve high recognition rates,
when working in a dictionary format, allow signers to quickly locate a translation
for the sign. Results are shown on two data sets with the query-return rate reaching 99.9% on a 20 sign multi-user dataset and 85.1% on a more challenging and
realistic subject independent, 40 sign test set. This demonstrates that true signer independence is possible when more discriminative learning methods are employed.
This work has covered only a subset of the available linguistic features. Future
work should consider a more complete set including motions such as circles and
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zig zags, or locations such as ‘beside the signer’ or ‘on the shoulders’. Also not
covered in this work are the handshapes used in sign. By including this information
many of the signs currently confused could be disambiguated more easily.
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