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Abstract

of sign language sentences from a given vocabulary. Contrarily
to what happens with speech, there are only a few large sign
language sentence corpora [2, 7] that allow to employ machine
learning methods similar to those of speech recognition, which
makes unfeasible developing systems that can solve this task.
Nevertheless, datasets for single word recognition are fairly
more available and with sufficient data. Thus, it would be desirable to employ this data to train systems that can recognise sentences. Clearly, simple concatenation of the signs is not a correct solution, since in isolated words each sign starts and ends in
a repose position that does not appear between the words in continuous sentences. Therefore, a correct generation of sentences
from single words must remove this repose position. This is not
the only task, and it is necessary to interpolate the intermediate
positions between the end of one word in the sentence and the
beginning of the next one (excluding the repose positions).
In this article, we present some techniques to automatically
detect repose positions and to interpolate the intermediate positions between two consecutive words in a set of Spanish sign
language words acquired by using the LeapMotion1 sensor. The
presented techniques are evaluated and the best option is used
to generate a large amount of synthetic sign language sentences.
The quality of the synthetic data is evaluated by using that data
to train a sentence decoding system based on Hidden Markov
Models (HMM) and to compare it with a system where only
the isolated word signs are used for training. This evaluation is
performed on a reduced set of real Spanish sign language sentences.
The article presents the following structure. Section 2
presents the relevant previous works on sign language recognition and the available datasets. Section 3 presents the used
datasets, the different techniques for sentence generation, and
the evaluation of the quality of the generation for the different alternatives. Section 4 presents the experimental framework
and the results obtained with the system trained with the generated sentences and their comparison with the system trained
with single words. Section 5 presents the conclusions and the
future work lines.

Sign language is one of the most usual ways of communication for deaf people. Their inclusion in the society would be
greatly improved if sign language can be easily used to communicate with other people that do not understand properly that
language. Automatic recognition systems, based on machine
learning techniques, could be very useful for this task, providing signers with tools that could be used to transcribe sign
language into written language automatically. Many previous
works have centered mainly in the recognition of single words,
and different datasets of single words signs are available for estimating recognition models for this task. However, the recognition of whole sentences is difficult, since the acquisition of
datasets of sentences is in general harder than the acquisition
of single words. Thus, the possibility of generating sentences
in sign language from single word datasets is very attractive to
obtain automatic systems for decoding sign language sentences.
In this work, we present an approximation for generating sign
sentences from sign single words acquired by using the LeapMotion sensor. We study the different difficulties that presents
this generation process. Results for real sign language sentences
show that training with these synthetic sentences improves the
decoding performance with respect to using only single words
for training.
Index Terms: sign language recognition, human-computer interaction, data augmentation

1. Introduction
Sign language is a powerful communication tool for people with
hearing difficulties, since it switches the communication from
the audio channel to the visual channel. There is no universal
sign language, and each linguistic zone defines its standard set
of signs for communicating. Basically, sign language is based
on hand and arms gestures, although other parts of the body
(such as face expressions) are usually taken into account.
Automatic recognition of sign language is an important issue in order to include their users into society, since most people
not pertaining to this group do not understand sign language.
The automatic recognition could be based on machine learning techniques, which have demonstrated that they can successfully decode sign language into regular words in certain conditions [1, 2].
Most of the work made for sign language is performed on
single word recognition [1, 3, 4]. In that case, it becomes a classification problem where each isolated sign must be assigned to
a word in the corresponding vocabulary. However, when facing
sentence recognition the problem becomes more difficult, since
usually there is not available segmentation of the different signs.
Following an approximation similar to that employed in regular
speech recognition [5, 6] requires a considerable amount of data

2. State of the art
Automatic sign language recognition is a field that has been explored for a long time. Many initial approximations were developed to recognise a defined set of static signs, usually associated
to letters and numbers. This is the case of [8], where video
capture is used for getting the hand shape and Multilayer Perceptrons are used for recognising Colombian Sign Language.
In the same fashion, there are a few Kaggle tasks that propose
the same problem for American Sign Language, such like Sign
1 https://www.leapmotion.com/product/desktop

235

10.21437/IberSPEECH.2021-50

Language MNIST2 or ASL Alphabet3 . With the LeapMotion
sensor, a few works in this line have been developed [9, 10].
This static image recognition problem evolved to the recognition of single words, that imply hands movements and, consequently, a sequence of hands positions to be decoded. This
is the case for American Sign Language [1, 11], German Sign
Language [12], Chinese Sign Language [4], or Spanish Sign
Language [13]. Most of the available resources have a limited
vocabulary [11, 12, 13], although a few present a high number
of words to be recognised [1, 4]. The acquisition of the hand
gestures is done by different methods, being Kinect acquisition
one of the most popular. The LeapMotion sensor was used as
well for the acquisition of gestures in some works [13, 14].
The final step has been the recognition of sign language
sentences. This problem is quite more difficult, since the acquisition of whole sentences becomes more difficult in terms of
acquisition effort and conditions. Thus, the amount of datasets
in this case is very few. One of the most popular is the RWTHPHOENIX dataset [15, 16], that consists of a set of weather
forecast videos with a vocabulary of more than 1000 words in
German Sign Language. Another example is the CUNY corpus
for American Sign Language [17], but this corpus was acquired
with the purpose of developing animations of sign language.
For Spanish Sign Language, a first small corpus (276 sentences,
vocabulary of 65 words) was acquired by using the LeapMotion sensor and was made publicly available4 . In the last years,
a larger Spanish Sign Language corpus is being acquired [18];
this corpus contains both controlled condition acquisitions and
TV weather forecast examples. The acquisition of this dataset
is still in progress.

detected by LeapMotion as zero values, which leaded to very
regular values that cannot be used for inferring Gaussian parameters. However, in our case it is necessary to keep these zero
values (in order to perform a proper connection of the signs) but
avoiding the associated data problem. We solved this situation
by filling with zero values and adding some small Gaussian random noise (with σ 2 = 0.01).
In order to check the influence of this encoding change in
the performance of the recognition system, we repeated the experiments presented in [13] for single word recognition with
this new encoding. The best result with the original encoding
provides an error rate of 10.6%, while with the new encoding
the best obtained result is 10.5%. However, when repeating the
sentence recognition with this new encoding, Word Error Rate
(WER) results go from 11.8% to 16.4%, which makes us think
that this new encoding is not initially suited for sentence recognition. Anyway, for our purpose of connecting single word
signs to form a sentence, it is necessary to employ this new
encoding.
3.2. Detection of repose states
The first step in the generation of the synthetic sentences is the
elimination of the repose state at the end of the first word, and
at the beginning of the last word, and at both for middle words.
There is not a clear definition of what a repose state is, since
defining them as the parts at the beginning or the end of the
sign that have a zero value does not match with data. Thus, a
definition of repose state must be given.
In our case, we based the repose state definition on the
Euclidean distance between two consecutive vectors (frames)
in the encoded sign sequence. Repose states are characterised
for being at the beginning or the end of the word and by their
slow (or null) movements. Thus, we can conclude that distance
between two frames pertaining to the repose state is relatively
small with respect to the distance between to frames pertaining
to the real sign. This relative value can be calculated according
to the maximum distance between any two consecutive frames
in the whole sequence. Thus, we can define that consecutive
frames at the beginning or at the end of the sequence whose
distance is below a threshold of the maximum distance in the
sequence pertain to the repose state.
The definition of this threshold would provide different
lengths for the repose states. Moreover, the application of the
threshold can be done in different manners. More specifically,
we defined three different techniques:

3. Data generation and evaluation
This section presents the sign language dataset employed in the
experiments, along with the techniques employed for detecting the repose states and for connecting the different words that
form a sentence.
3.1. Original dataset
The original dataset is the same that was employed in [13]. This
dataset was acquired with the LeapMotion sensor. LeapMotion
allows to obtain several points of the hands position. In our
case, this dataset obtains the three-dimensional coordinates of
each fingertip and the center of the palm, along with the angle
in the different axis that forms the hand. Thus, for each hand
we have a total of 21 features. Features are normalised and,
consequently, their values range from -1 to 1 (except for angle
values, that range from -3 to 3).
The dataset presents a vocabulary of 92 words. For isolated
words, each word was acquired ten times for each one of four
different signers. Thus, the total number of words is of 3680.
For sentences, a single signer acquired 274 sentences from a
reduced vocabulary (65 words), with lengths from 3 to 7 words.
The original dataset dealt with the signs performed with a
single hand (right hand) by copying the values of that hand on
the other (left hand). This was done to avoid errors when training the recognition models, since the absence of one hand is

1. Fixed threshold: the chosen threshold is not changed
when applied to the sequences at the beginning or at the
end of the sign sequence.
2. Dual variable threshold: when the application of the chosen threshold provides no repose states (zero length at
the beginning and at the end), the threshold is increased
and the repose states are recalculated; the process is repeated until no lack of repose is obtained or a maximum
threshold is applied.
3. Initial and final variable threshold: similar to the previous one but applied when any repose state is zero length
and only on the parts that present that zero length.

2 https://www.kaggle.com/datamunge/
sign-language-mnist/metadata
3 https://www.kaggle.com/grassknoted/
asl-alphabet
4 https://github.com/zparcheta/
spanish-sign-language-db

We evaluated the performance of the different alternatives
by calculating the percent of words that presented an inappropriate repose state. A repose state is considered inappropriate
when is zero length (lack of repose) or is more than 30% of the
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Table 1: Percent of the words with inappropriate repose state
for different values of the fixed threshold.
Threshold (%)
5
10
15
20

Table 4: Recognition results (WER) for 274 synthetic sentences
generated with different repose detection and a variable number
of points for interpolation. For all percents of fixed and variable
initial-final repose detection the results were the same.

Inappropriate words (%)
77.2
73.9
73.0
73.7

Repose detection
Fixed
5%-20%
5-15%
Dual
5-20%
Initial-Final 5-15%/20%

Table 2: Percent of the words with inappropriate repose state for
variable threshold, for values 5-15 and 5-20 of the threshold.
Threshold interval (%)
5-15
5-20

Table 5: Recognition results (WER) with different noise factors
for synthetic sentences with fixed repose detection (10% threshold) and variable number of point interpolation.

Inappropriate words (%)
Dual
Initial/final
56.4
60.2
50.3
55.9

Noise
20%
30%
40%
50%
55%
60%
65%
70%

total sequence length or the sum of the beginning and the end
repose is more than a 60% of the total (excess of repose). These
criteria are based on empirical observation of the signs.
For the fixed threshold, we employed values ranging from
5% to 20% in steps of 5. The percent of the words that obtained an inappropriate repose is presented in Table 1. These
results show that the method is not very effective; a detailed
analysis showed that this method causes lack of repose in many
cases, specially for the 5% threshold, which is the main source
of errors. Thus, variable threshold is expected to improve this
situation.
Results for dual variable threshold and initial and final variable threshold are presented in Table 2. Results show an improvement in the calculations of the repose states, specially for
the dual technique until a 20% of threshold.

WER
7.0
8.2
11.5
14.7
16.6
20.3
21.8
24.5

lated, giving an average value of 8.35. Thus, synthetic sentences
should present a similar difference.
Initial tests showed that a number of points between 3 and
6 kept similar values for synthetic sentences. After that, the
specific value for the selected number of points is calculated
by using equidistant points in the linear plane defined by trace
segmentation. The number of points can be fixed for all word
combinations or can be variable according to the distance between the final point of one word and the initial point of the
next word in the synthetic sentence (the more the distance, the
more the number of points). In order to avoid a completely linear route between the connected points, some random noise can
be introduced in the calculated points. Thus, it is necessary to
introduce noise in order to obtain synthetic sentences

3.3. Interpolation between consecutive signs
Once the repose states are detected and removed from the sign
sequence, consecutive words must be concatenated by interpolating a set of points that simulates the transition between one
sign and the next one.
The approximation we followed was using trace segmentation [19] between the final point of one word and the initial
point of the next word in the sentence to be generated. Trace
segmentation infers a linear route between the two points that
can be used to interpolate intermediate points.
One decision to be taken is how many points are going to be
interpolated. In order to have a proper estimation of this number of points, it is necessary to compute how do hands usually
progress in the generation of sentences, in particular between
consecutive words. Therefore, distances between the final point
of one word and the initial point of the next word were calcu-

3.4. Selection of the repose detection and number of points
In order to select the final values for the repose selection technique (fixed, dual variable, initial and final variable) and the
number of points for interpolation (fixed or variable), an experiment was performed with a set of 274 synthetic sentences that
contained the same word sequences than their counterparts in
the real sentences dataset. This set was generated for many different combinations of repose detection and interpolation.
The generated sentences were used in a four-fold crossvalidation approach similar to that used in [13], where an
HMM-based system (each word an HMM) was trained with all
the single word samples and three partitions of the sentences,
using the remaining sentences for test. Training of the HMMs
was done in HTK [20] following the variable topology for each
word described in [13] (with factor 1, which is the one that gave
the best results). After initial tests, HMMs with 2 gaussians per
state were used as those that offered a better performance.
The results obtained for the different number of fixed points
are presented in Table 3. The results obtained for the variable
number of points are presented in Table 4. These results show
that differences among using any option are minimal, and that
the synthetic sentences fit too much to the isolated words (WER

Table 3: Recognition results (WER) for 274 synthetic sentences
generated with different repose detection and a fixed number of
points for interpolation. For all percents of fixed and variable
initial-final repose detection the results were the same.
Repose detection
Fixed
5%-20%
5-15%
Dual
5-20%
Initial-Final 5-15%/20%

WER
6.5
6.5
6.6
6.5

# interpolation points
3
4
5
6
6.5 6.6 6.6 6.7
6.5 6.7 6.7 6.8
6.6 6.8 6.8 6.9
6.6 6.7 6.7 6.8
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Table 6: Real sign sentence recognition results (WER) with HMMs trained with only isolated words and isolated words plus synthetic
sentences, for different noise factors and Gaussian number. Best results in boldface. Confidence intervals are in all cases lower than
3.6.
Gaussians
1
2
4
8

Isolated
words
(baseline)
52.2
52.2
52.0
52.0

0
36.9
36.7
36.9
37.0

10
37.7
38.3
38.1
38.2

Isolated word and synthetic sentences
Noise factor (%)
20
30
40
50
55
37.0 36.0 35.8 34.8 35.0
36.6 36.2 36.1 34.6 35.2
36.9 36.4 36.1 35.1 35.0
37.0 36.4 36.4 35.1 35.0

60
34.4
35.7
36.7
36.3

65
34.4
35.3
35.3
34.9

with real sentences is about 16.4%).
Therefore, it is necessary to introduce some noise in order
to obtain synthetic sentences whose behaviour is similar to the
real sentences. Initially, noise was only introduced into the interpolation points, as described in Subsection 3.3, but given the
small number of interpolated points with respect to real points,
results barely changed. Thus, it was decided to apply a noise
factor to all the vectors of the synthetic sentences. Taking as
baseline system the one with repose detection by fixed threshold, with 10% threshold, and variable number of points in interpolation, several recognition experiments with different noise
factors were performed, and their results are shown in Table 5.
As it can be seen, a noise factor of 55% provides synthetic sentences with similar behaviour (in WER terms) to the real sentences.
As a conclusion, we can take the synthetic generation system with fixed threshold, 10% threshold, variable number of
points in interpolation, and noise injection of 55% as an appropriate system for generating synthetic sentences that can be used
to train models that improve the recognition of real sentences.
This is the objective presented in Section 4.

ments were performed for different number of Gaussians. The
language model is the same used in [13]. Final results are presented in Table 6. Confidence intervals were calculated using
bootstrapping [21].

4. Experiments and results

5. Conclusions and future work

In this section, the use of synthetic sign language sentences to
train HMMs in order to recognise real sign language sentences
is studied. In general, the generated synthetic sentences are employed as supplementary training data, along with the isolated
words, to train HMMs by using the HTK toolkit. The usual
process consists of the steps of defining an initial bare HMM
for each word, with one Gaussian per state as emission distribution, perform several Baum-Welch training iterations with
all available data (words and synthetic sentences), and perform
Gaussian increments.
The set of synthetic sentences that are generated are based
on the transcription of the real sentences provided by the corpus
we described above. For each transcription, about 50 different
combinations of the different words repetitions available were
generated (with the only restriction of keeping the same signer
in the combined words). The final number of generated sentences is 13677 (some combinations appeared repeatedly and
consequently there are not exactly 50 for each sentence transcription). They were generated with the parameters stated in
Subsection 3.4: fixed repose detection with threshold 10%, variable number of points in interpolation. Noise factor is one of the
parameters that is studied in these experiments.
Experiments consisted of the recognition of the real sign
language sentences with different HMMs sets: those trained
only with original isolated words without any repose removing (baseline) and those trained with both isolated words and
synthetic sentences (with different noise factors). The experi-

The use of synthetic generation of sign language sentences from
isolated word signs could be an important source of complementary data to improve recognition performance of machine
learning based methods. The study we have presented showed
the feasibility of this generation and that the addition of these
synthetic sentences is beneficial from the recognition performance point of view.

As it can be seen, introducing synthetic sentences in the
training process causes a high and significant increment in performance with respect to using only isolated words. Best results
are obtained with a low number of Gaussians, which is reasonable given that data variability is not very high because of its
synthetic nature. With respect to noise injection, best results are
obtained with a noise injection of 60%/65% (very close to the
optimal value of 55% determined in Section 3.4), although these
results are not significantly better than other combinations.
In conclusion, the introduction of synthetic sentences in the
training process seems to cause an increment in the recognition
performance. However, this impact is quite far from that obtained when using real sentences (in that case, recognition results present a 16.4 WER). Therefore, more sophisticated techniques must be used to improve the representativity of the generated synthetic sentences.

However, the synthetic sentences are still far from providing the same performance than the systems that employ real
sentences for training. Thus, future work will be directed to
improve the quality of the synthesis according to its proximity
to the real sentences that are available. The use of techniques
based on speech synthesis, such as HMM/DNN-based Speech
Synthesis System (HTS) [22], could be an option for a better
synthetic generation. Apart from that, current experiments have
been only performed with HMMs as a prove of concept, but it
would be desirable to exploit this synthesis to generate massive
data that can be employed in the use of deep learning methods
for sign language recognition.
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