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ABSTRACT

Vision based sign language recognition (SLR) is a challeng-
ing task due to the complexity of signs and limited data collec-
tion. To improve the recognition precision, this paper propos-
es an adaptive GMM-based (Gaussian mixture model) HMMs
(Hidden Markov Models) framework. We discover that inher-
ent latent states in HMMs are not only related to the number
of key gestures and body poses, but also related to the kinds
of their translation relationships. We propose adaptive HMMs
and obtain the hidden state number for each sign with affini-
ty propagation clustering. Furthermore, to enrich the training
dataset, we propose a data augmentation strategy by adding
Gaussian random disturbances. Experiments on a vocabulary
of 370 signs demonstrate the effectiveness of our proposed
method over the comparison algorithms.

Index Terms— Sign Language Recognition, Hidden
Markov Models, Gaussian Mixture Model, Data Augmenta-
tion

1. INTRODUCTION

Sign Language recognition (SLR) has attracted increasing re-
search interests in computer vision and pattern recognition
[1, 2, 3]. It is still a challenging task due to the complexity
of signs and limited data collection [4, 5, 6, 7].

By limited data collection, many works were conducted
on small datasets. For example, Kurakin et al. [8] proposed
a realtime SLR system on a dataset with 12 American Sign
Language (ASL) gestures. Dong et al. [9] obtained 90%
recognition precision on 24 static ASL sign words. Sun et al.
[10] achieved 85.5% accuracy in recognizing 73 ASL signs.
Then two state-of-the-art works in large vocabulary SLR are
released. One proposed by Ong et al. [11] achieved 74.1% ac-
curacy on 982 signs and another proposed by Wang ez al.[12]
achieved 94% accuracy on 370 signs. However, most of these
experiments are signer-dependent tests. The prior knowledge
of signer that involved in recognition process leads to a high
accuracy. In signer-independent experiments, Wang et al.
[13] reported a application on 1,113 signs. Its accuracy of
correct sign in the top 10 is 78%. But the dataset in [13] were
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marked whether the sign is one-handed or two-handed, and
which the dominant hand is. It has used the prior knowledge
of signs. In practice, it is not foreseeable that who the signer
is, and whether the signer mark the label of hand gesture.

In addition, to get a powerful modeling ability, researcher-
s adopt different models such as Dynamic Time Warping
method (DTW) [14, 15], Curve Matching method [16], Hid-
den Markov Models (HMMs) [12, 17] and neural networks
[18, 19, 20] have demonstrated promising results in automatic
speech recognition. Salvador et al. [14] introduced a DTW
( Dynamic Time Warping method ) with a linear time and
space complexity that can be used on gesture recognition.
Lin et al. [16] proposed a curve matching method based on
manifold analysis with trajectories of sign. Wang et al. [12]
proposed Light-HMMs to select the key frames through low
rank approximating and determine the number of hidden s-
tates by a Residual Sum of Squares (RSS) threshold. There
are also more and more recurrent neural networks (RNNs)
that are used to solve the SLR problem [19].

Generally speaking, in real application environment, it is
difficult to get the prior knowledge of signs or signer. Be-
sides,since expertise of sign language is lack and data col-
lection with depth cue is rare, there is still lack of sufficient
training samples [21, 22]. How to improve the recognition
precision of SLR is still a challenging problem.

Considering the excellent capacity of the HMM model to
capture sequential information, we choose the HMM based on
Gaussian mixture model (GMM) as a baseline framework and
denote it as GMM-HMM. Our work dedicates to two aspects:
(1) A data augmentation strategy is proposed. We perturb
the original samples by random noise variables subjected to
Gaussian distributions. (2) In the SLR problem, the number
of states in each sign’s HMM model indicates key gesture and
action changes. We propose a HMM-state adaptation strategy
using affinity propagation clustering to adaptively determine
appropriate state number for each sign.

The rest of this paper is organized as follows: we describe
our method in Section 2. Section 3 gives the experimental
results and analysis. In Section 4, we make the conclusion
and discuss the future work.
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Fig. 1. The flowchart of our adaptive GMM-HMMs model.

2. OUR METHOD

This section gives a detailed description of our method. At
first, we give the baseline framework of GMM-HMMs Model.
Then we introduce the data augmentation technique into the
SLR problem, as the detail is given in subsection 2.1. To
further optimize the HMMs model, we describe the adaptive
HMMs model in subsection 2.2.

The baseline framework of GMM-HMMs Model is as fol-
low: given N signs’ HMM models as {\1, A2, ..., Ax}, the
most likely sign class A\* of observation sequence O is giv-
en by Eq.(1). The recognition process is implemented by the
famous Viterbi algorithm.

A" = argmax P(AO). (1)
{2122, AN}

2.1. Data augmentation

In our data preprocessing process, a data augmentation strat-
egy is proposed. The data augmentation, (also known as data
jittering or virtual sampling), aims at increasing information
gain by generating additional samples [23]. In this paper, we
use it to introduce appropriate noises and prevent overfitting
trained by rare samples. We just explore the strategy on only
5 skeleton points (head, left elbow, right elbow, left hand, and
right hand) to extract gesture position features. Here, we take
(z,y, z) coordinates of a skeleton point as example, and the
augmentation strategy is as follow:

Under all data samples (videos) of a sign, we look up the
maximum Z,,q, and the minimum z,,,;,, in all frames of video
sequences and get the maximum range Ax = Tyaze — Timin-
We suppose that a random variable X is subject to a Gaussian
distribution N (p, 02), where 1, is expected value and o2 is
variance. In our model, we have that p, = 0 and o, = nAx,
where 7 is disturbance parameter. X ~ N(0, (nAz)2) de-
notes the posed noise on x coordinate. Similarly, we get the
Y ~ N(0, (nAy)?) and Z ~ N(0, (nAz)?) on y and 2 coor-
dinates, respectinvely. An additional (x,y, z) coordinates of
a skeleton point is generated as follows:
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' = x4+ N(0,(nAx)?)
y+ N(0, (nAy)?) )
z 4 N(0, (nAz)?)

y =

!
Zz =

With 5 skeleton points of a frame, we can generate an
additional frame sample and then generate an additional video
sample using Eq. 2 on each frame in a video sample. If we
conduct Eq. 2 on the original dataset (videos) IV times, we
can augment the datasets by N times.

Skeleton Pair (SP) feature Extraction: After the above
processing, we get a bigger dataset. Then for a frame sam-
ple, we extract mutual distances of 5 skeleton points as a 10-
dimension SP feature [12, 24]. The feature has a good invari-
ance to rotation, scaling, and translation [13]. To scale SP by
different signers’ sizes, each SP feature is normalized by its
maximum element. Then we get each sign sample’s SP ob-
servation sequence O for succeeding GMM-HMMs training.

2.2. Adaptive HMMs

Each sign has its own GMM-HMM model. Before GMM-
HMMs training, we try to find appropriate latent states @,, in
each GMM-HMM model ( A,,1 <n < N). A good GMM-
HMM model with discriminative states is learned by dividing
data samples into reasonable clusters. To adaptively deter-
mine the state number {Q,,} (1 < n < N) for signs 1,2,.. .,
N, we design a HMM-states adaptation strategy using affini-
ty propagation (AP) clustering [25]. Under the data samples
of signn (1 < n < N), we first construct a “net similarity”
as deformed distance function between frame pairs. The net
similarity computing is viewed to obtain the responsibility
and availability log-probability ratios between frame f; and
candidate cluster “exemplar” fj. Then we maximize the sim-
ilarity function to find the best exemplars { f } and automati-
cally determine the number of different exemplars as the num-
ber of clusters k,,.

As shown in Fig.2, the gesture of sign “people” is more
complicated than “I”’s. But its fitness of net similarity con-



verges faster and has not much change. The cluster conver-
gence of sign “I” has quite large jumps in early iterations.
Although with different distributions, they are assigned ap-
proximate state numbers. It indicates that inherent latent s-
tates in a HMM model are not only related to the number of
key gestures and body poses, but also related to the kinds of
their translation relationships. Fixed M -component GMM,
the number of variant state (),, is proportional to the number
of clusters k,,.

Our HMM-states adaptation strategy has good stability
and consistency. In our experiments, the number of clus-
ters barely changed with the same data samples. In the 10
times test on 370x5 group training datasets, only 0.11% of
the clusters changed and their difference was very small.
Thus training data samples can be preprocessed to determine
{Q1,Q2,...,Qn}. Our adaptive GMM-HMM model is
given in Algorithm 1.

Algorithm 1 Adaptive GMM—HMMs (HMMs+AP)
Input: N signs’ training samples {Set_O,,} (1<n<N);
Output: N signs’ HMM models {\1, A2, -, An}

1: for each sign n do

2:  for V observation sequence (video) O € Set_O,, do

3: generate an additional O’ by Eq.2;

4. end for// get an additional training samples Set_O!,;

5. extract SP feature set SP,, of <Set_O,,, Set_O},>;

6:  compute the number of clusters k,, on S P,, by AP clus-
tering;

7 Qn =kn / M;

8: learn the GMM-HMM model ), = (A4, Bp,m,) !

with training samples {<Set_O,,, Set_O;,>} and Q.;
9: end for

3. EXPERIMENTS

We conduct experiments on a Kinect dataset with large vo-
cabulary, which contains 370 signs played by 5 signers with 5
repetitions [12]. The 5 signers contain both female and male.
Their heights and gesture habits are completely different. We
adopt leave-one-out cross-validation (LOO) to test DTW [14],
traditional GMM-HMMs (HMMs), Light-HMMs [12], and
our method (HMMs+AP(Q)). The size of dataset in each
LOO experiment is shown in Table 1. We also use the H-
MMs+AP framework to get adaptive M with fixed @), and
denote it as HMMs+AP(M). A good solution for traditional
HMMs is Q = M = 3[12]. In the following experiments, we
set HMMs+AP(Q) with M = 3 and set HMMs+AP(M) with
Q=3

'A public HMM matlab package: http://www.cs.ubc.ca/
\~murphyk/Software/HMM/hmm.html. Parameter Q,, and M are
discussed in the paper, other general parameters A,,,By, and 7y, can be han-
dle by this code package.
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Fig. 2. Cluster convergence on SP features with net similarity
computing. (a). Sign “people”. (b) Sign “I”.

Dataset | Signs | Signers | Repetitions | Samples
Training | 370 4 5 7400
Testing | 370 1 5 1850

Table 1. The dataset sizes in each LOO validation experimen-
t.

3.1. Experiment with HMM-states adaptation

Experiment on test data is signer-independent test. Tables 2
and 3 show that the performance is less influenced by GM-
M’s parameter M than HMM’s parameter (). @ indicates the
latent changes of each sign and M simulates the data distri-
bution model. Due to the chaos of real sign samples and the
characteristic of Gaussian simulation, the influence of M is
not very obvious in our problem. Thus we do not extend dis-
cussion on classical methods that determine the number of
Gaussian components, such as Akaike information criterion
(AIC)[26] and Bayesian information criterion (BIC) [27]. We

Test Training Time
Methods Validation | Validation | (ms/sign)
DTW 0.3158 / 277
HMMs 0.2874 0.5402 16
Light HMMs 0.2827 0.5210 19
HMMs+APM) 0.2912 0.5570 43
HMMs+AP(Q) 0.3354 0.7228 51

Table 2. Performance comparison among different methods.



Methods Top 1 Top5 | Top 10 (m:;rg;n)
DTW [14] 0.3159 | 0.5284 | 0.6245 277
HMMs 0.2869 | 0.5498 | 0.6583 16
Light HMMs [12] | 0.2827 | 0.5256 | 0.6322 19
HMMs+AP(M) | 0.3022 | 0.5761 | 0.6662 43
HMMs+AP(Q) | 0.3354 | 0.5979 | 0.6941 51

Table 3. The comparison of recognition precision in the top
1,top 5, and top 10.

Parameters | Top 1 Top5 | Top 10 (mj;llrs:l};n)
(Q,1,0.01) | 0.3538 | 0.6069 | 0.7063 47
(Q,1,0.02) | 0.3520 | 0.6131 | 0.7056 55
(Q,1,0.03) | 0.3514 | 0.6126 | 0.7109 55
(Q,1,0.04) | 0.3482 | 0.6129 | 0.7080 61
(Q,1,0.05) | 0.3521 | 0.6134 | 0.7103 65

Table 4. The comparison of HMMs+AP’s recognition preci-
sion on different disturbance parameters.

focus on the adaptive Q. HMMs+AP((Q) is the best method
whether on the training data or testing data. DTW is the most
time consuming which searches the whole dataset to find the
nearest sample’s sign class. All HMMs-based methods just
need to search N HMM models, where IV is the number of
sign words. HMMs+AP consumes more time than HMMs
and Light-HMMSs due to its model complexity with increas-
ing state numbers.

3.2. Experiment with data augmentation

We test HMMs+AP on data augmentation and denote it as
HMMs+AP(Q, num, i), where num is the number of times
of data augmentation. Note that with too many times of aug-
mentation, data quality should pull down by its own duplica-
tion and redundancy. And large n will introduce too much
noise. In this paper, we just test doubled data samples by aug-
menting once (num = 1) with disturbance parameter values
n ~ (0.01, 0.02, 0.03, 0.04, 0.05). As the LOO validation
revealed in Table 4, the strategy keeps good stability and con-
sistency with different 7. The recognition precision improves
by 1.84% in top 1, 1.55% in top 5 and 1.68% in top10.

3.3. Summary results

As shown in Figs. 3 and 4, HMM-based methods have a good
learning ability. All HMM-based methods surpass DTW.
Even if the traditional HMMs has lower recognition preci-
sion than DTW in the top 1, but it surpasses DTW since top 3.
Our method further learns the variant state numbers. Working
with data augmentation, HMMs+AP has a good recognition
precision and stability.
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4. CONCLUSIONS

An adaptive GMM-HMM model based on data augmentation
with Gaussian disturbances is proposed. We verify it on the
signer-independent test on the dataset with a large vocabulary
but limited samples. Our method improves the recognition
precision by 6.69% over traditional HMMs with only 10-dim
skeleton pair feature. There maybe a big promotion poten-
tial on recognition precision by using multi-channel features,
such as hand visual feature (HOG), trajectory, facial expres-
sion, and so on. We will explore more features and investigate
features fusion in our further work.
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