
A Novel Curved Gaussian Mixture Model and Its 
Application in Motion Skill Encoding

Disi Chen, Gongfa Li, Dalin Zhou and Zhaojie Ju

Abstract — The purpose of this paper is to present a novel 
curved Gaussian Mixture Model (CGMM) and to study the 
application of it in motion skill encoding. Primarily, Gaussian 
mixture model (GMM) has been widely applied on many 
occasions when a probability density function is needed to ap-
proximate a complex probability distribution. However, GMM 
cannot efficiently approach highly non-linear distributions. 
Thus, the proposed novel CGMM, as a weighted mixture 
of curved Gaussian models (CGM), is structured with non-
linear transfers, which reshapes the flat GMM into a geo-
metrically curved one. As a consequence, CGMM has more 
freedoms and flexibilities than the flat GMM so a CGMM 
requires fewer number of components in fitting highly non-
linear motion trajectories. Moreover, we derive a dedicated 
iterative parameter estimation algorithm for the CGMM based 
on maximum likelihood estimation (MLE) theory. To evaluate 
the performance of the CGMM and its parameter estimation 
algorithm, a series of quantitative experiments are carried out. 
We first test the model performance in the data fitting task 
with the generated synthetic data. Then a motion skill encoding 
test is carried out on a human motion trajectory dataset built 
by a Virtual Reality (VR) based motion tracking system. The 
empirical results support that CGMM outperforms state-of-
the-arts in the model performance test. Meanwhile, CGMM 
has a significant improvement in encoding high dimensional 
non-linear trajectory data compared to the GMM in motion 
skill encoding test with its dedicated parameter estimation 
algorithm.

Keywords — Non-linear Transfer, Curved Gaussian Mix-
ture Model, Expectation-Maximization Algorithm, Motion Skill 
Encoding.

I. INTRODUCTION

Gaussian mixture model as a probabilistic model is pop-
ular for its versatility [1]. It is frequently applied in robotics
[2], image segmentation [3], natural language processing [4],
signal processing [5] and other machine learning related
aspects with the Expectation-Maximization (EM) algorithm
[6], for unsupervised parameter estimation. Among those
fields, motion skill encoding is one of the most profound
application scenario, which has been extensively studied with
GMM. Whereas, because of the flat component Gaussian
model in a GMM, it cannot encode the high-dimensional
trajectory data efficiently, especially when the trajectories
are highly non-linear. Regarding the inefficiency of GMM,
CGMM, a novel variant of the GMM, will be proposed
in advance. Subsequently, a human motion encoding task
approached by the novel CGMM will also be discussed in this 
paper.

Since the emerging of GMM, many researchers have kept 
optimising both the model structure and its parameter 
estimation algorithm. To enhance the fitting performance of a 
single Gaussian model on non-linear data, Lin et al. 
introduced curves in a Gaussian model [7], but with the 
increasing freedoms of the Gaussian models, it was hard to 
train their parameters when they came into a mixture model 
so no detailed parameter estimation algorithm have been 
provided yet. In order to build a curved mixture model, Zhang 
et al. proposed an active curve axis Gaussian mixture model 
(AcaGMM) [8] with principal curves, whereas the curved 
manifold and the sample space are not homeomor-phous, 
which will do harm to the robustness of the mixture model. 
Based on AcaGMM, Ju et al. proposed an upgraded fuzzy 
GMM (FGMM) with a specialised fuzzy term to accelerate its 
parameter learning speed [9]. Unfortunately, the topological 
inequivalence problem was neglected in FGMM and the 
model was inconsistent when the curvatures were 
approximating zero. Even though a model with curvatures is 
believed to deal with non-linear trajectory data better, those 
shortages hindered their application in motion skill encoding.

Motion skill encoding is to represent the highly dimen-
sional motion data with a compact mathematical model. 
Therefore, it is crucial to human-to-robot skill transfer, which 
is widely acknowledged to be a promising method to endow 
robot with various skills. To geometrically represent a 
temporal-spatio motion trajectory in the time-state space, B-
spline is used as an approximator of a motion trajectory [10] 
at first. Because of the limited freedom of the B-spline, 
Dynamical Movement Primitives (DMPs) were proposed by 
Ijspeert et al. in Stefan Schaal’s Lab for a better motion 
trajectory encoding. This method is based on a dynamic 
system, a time-dependent deterministic equation, so it is not 
efficient in encoding multiple demonstrations for a single skill 
[11]. Thus, a GMM based method was proposed by Calinon et 
al. to encode a motion skill form multiple demonstrations 
[12]. However, as mentioned previously, a flat GMM does not 
perform well in fitting highly non-linear trajectory data, 
therefore building a model to encode motion trajectories 
efficiently is a challenging problem yet to be soled in robotics.

To overcome those shortages in the latest Gaussian based 
mixture models with curved components and their drawbacks 
in motion skill encoding, we set about on another path to 
build a brand new CGMM. The main contributions of this 
paper are 3-fold: (1) A novel CGMM with mixed CGMs is
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Fig. 1. The non-linear transfer

proposed with a special non-liner transfer to encode non-
linear data. (2) A dedicated parameter estimation framework
for CGMM is provided in our work for a better data fitting
outcomes. (3) The CGMM is implemented in the motion
skill encoding task to show its advantage in approximating
highly non-linear trajectory data.

II. DEFINITION OF A CURVED GAUSSIAN MIXTURE
MODEL

The curved Gaussian mixture model is an variant of the
flat GMM, which consists of several component Gaussians.
Thus, to derive a CGMM, we started from introducing
the curved principal axis into a multidimensional Gaussian
distribution and then built the mixture model as a weighted
sum like the flat GMM.

A. Data normalization

Gaussian model, also known as the normal distribution, is
usually applied in statistics as the probability distribution
function (PDF) of a random variable so a d-dimensional
Euclidean/flat space Rd is preliminarily assumed as the
original space of the random variable x. According to the
definition of a Gaussian, an observation x from sample space
is normalised with a specific affine transformation before it
assigned with a certain probability, such that,

y = R(x− C) (1)

where y is the normalised observation w.r.t. (with respect to)
x in the original space, R ∈ O(d) is an orthogonal matrix
which parametrises the linear transformation and C ∈ Rd is
the parameter of the translation.

B. Non-linear transfer

To introduce the non-linearity into a flat Gaussian, a non-
linear transfer is proposed in this paper to bend the principal
axis of the Gaussian. With the normalised observation y,
we defined a bicontinuous function g(•) to map it to a
homeomorphic curved space, namely,

z = g(y) = y +A · (y� y) (2)

where, z is the corresponding observation in the curved
space, � is known as Hadamard product or element-wise
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Fig. 2. The process of building a CGM

product and A is a d× d square matrix with most of whose
elements equal to 0,

A =


0 0 · · · 0
a1 0 · · · 0
...

...
. . .

...
ad−1 0 · · · 0

 (3)

where, a1, · · · , ad−1 are the non-zero elements. Due to the
form of A, we have,

g(y) = (y1, y2 + a1y
2
1 , · · · , yd + ad−1y

2
1)> (4)

The function of non-linear transfer can be interpreted as
a transformation demonstrated in Fig. 1 and the parameter
of the transformation is the matrix A, but it only contains
d − 1 free parameters {a1, · · · , ad−1}, which represent the
parabolic curvatures of the Gaussian’s principal axis towards
remaining d− 1 dimensions.

C. Gaussian model with a curved principal axis

Next, the PDF of the Gaussian model with curved principal
axis (CGM) is defined as follows,

z ∼ N (z|0, S) =
1

(2π)
d
2

√
|S|

exp

[
− z>S−1z

2

]
(5)

which means only if corresponding observation z in the
curved space subjects to a zero mean Gaussian with a
diagonal covariance matrix S = diag{σ2

1 , · · · , σ2
d} which

satisfy σ2
1 ≥ σ2

2 ≥ · · · ≥ σ2
d, the original observation x

subjects to a CGM.
For a concise expression, we applied a auxiliary function

f(•) to represent a series of transformation form the original
space to the curved space, thus,

z = f(x) = g[R(x− C)] (6)

Fig. 2 recaps the process we defining the CGM. Firstly,
we assumed that the CGM was the distribution of a random
variable x in the original space as shown in Fig. 2 (a) and
(b). Then, an affine transformation parametrised by R and
C was applied to map the variable to a normalised space in
Fig. 2 (c). Finally, the non-linear transfer is proposed with
the curvature parameter A to transfer the variable y in the
objective curved space and the final variable z should subject
to a Gaussian distribution with zero mean and diagonal
covariance S, according to Eq. 5. The CGM is similarly
denoted as,



x ∼ Nc(x|C,R,A, S) (7)

where Nc(•) is the notation of a CGM in this paper and
the parameter set of it is demoted as θ = {C,R,A, S}. The
probabilistic legitimacy of Nc(•) holds since the auxiliary
function f(•) is a volume preserving transfer, whose deter-
minant of Jacobian always equals 1. Particularly, if all the
curvature parameters a1, · · · , ad−1 are 0, namely A = 0
(0 means an all zero matrix), we have Nc(•|C,R,A, S) =
N (•|C,RSR>), which indicates the CGM degenerated to a
flat Gaussian model.

D. A mixture of curved Gaussian models

Theoretically, the higher flexibility of finite probabilistic
mixture model endows Gaussian the capability to approx-
imate any complex distribution in any dimensional space.
Thus we define a CGMM as a mixture of K CGMs with the
mixture coefficients {π1, π2, · · · , πK}, which should satisfy∑K
k=1 πk = 1, then the PDF of a CGMM is given as,

G(x|Θ) =

K∑
k=1

πkNc(x|θk) (8)

where, Θ = {π1, π2, · · · , πK , θ1, θ2, · · · , θK } is the param-
eter set of a CGMM and θk = {Ck, Rk, Ak, Sk} is the
parameter set for the k-th member CGM in a CGMM.

III. PARAMETER ESTIMATION FOR A CGMM

Parameter estimation of our proposed CGMM is in-
spired by Expectation-Maximization algorithm [13] applied
in GMM parameter estimation, which elaborately introduces
an invisible latent variable α ∈ A along with training samples
X. Specifically, for each xi there is a corresponding latent
variable αi = k, which indicates sample xi belongs to the
k-th member model in a mixture model and the probability
P (αi = k) = πk is namely the mixture coefficient. After
introducing the latent variable into the log-likelihood func-
tion L(Θ|X) of a CGMM, Bayesian formula is applied, such
that,

L(Θ|X) =
N∑
i=1

ln
K∑

αi=1

p(xi|αi,Θ)P (αi|Θ)

>
N∑
i=1

K∑
αi=1

p(αi|xi,Θold) ln
p(xi|αi,Θ)P (αi|Θ)

p(αi|xi,Θold)

>
N∑
i=1

K∑
αi=1

p(αi|xi,Θold) ln p(xi|αi,Θ)P (αi|Θ)

def
= Q(Θ,Θold)

(9)
According to MLE, parameters are optimised by maximizing
the log-likelihood function L(Θ|X). Although, it is diffi-
cult to obtain analytical solutions to MLE, we can apply
Jensen’s Inequality to the logarithm, so that maximizing

log-likelihood L(Θ|X) is equivalent to maximizing the new
object function Q(Θ,Θold),

Θ∗ = argmax
Θ
L(Θ|X) = argmax

Θ
Q(Θ,Θold) (10)

where, we keep the parameter Θold outside of logarithm
the same as last iteration and optimize parameter Θ inside
logarithm, which is an iterative EM framework to approach
the parameter estimation.

a) Initialisation: Before an EM iteration, the number
of component CGM in a CGMM is predefined manually or
selected according to information criteria such as, Akaike
information criteria (AIC), Bayesian information criteria
(BIC) and Minimum description length (MDL) [14]. We
set the initial mixture coefficients as πk = 1/K. Then,
Ck are found by k-means with dataset X. We denote the
sample covariance of X as Σ(X) and set Rk = evdR[Σ(X)],
Sk = evdS [Σ(X)], where the operator evdR(•) represents
the eigenvalue decomposition which returns the orthogonal
matrix, while evdS(•) returns the diagonal matrix in decom-
position. Finally, all curvature parameters are initially set to
zero, namely Ak = 0.

b) E-step: Using the old parameter Θold or the initial
values in iteration to calculate the posterior PDF of latent
variable A, for convenience we applied γik to represent this
posterior, then according to total probability formula, we
have,

γik
def
= p(αi|xi,Θold) =

Nc(xi|θoldk )∑K
j=1Nc(xi|θoldj )

(11)

c) M-step: With Lagrange multiplier method, the iter-
ation formula for mixture coefficient πk is solved as,

πk :=

∑N
i=1 γik∑N

i=1

∑K
k=1 γik

(12)

The first parameter Ck is controlling the spacial position
of each CGM and it cannot be analytically solved by
maximizing the log-likelihood, but as point estimations, we
can alternatively estimate each Ck in their specific curved
space and then map the result points back to their original
space by an inverse transfer f−1

k (•), so that,

Ck := f−1
k

[∑N
i=1 γikfk(xi)∑N

i=1 γik

]
(13)

where, f−1
k (x) = R−1

k g−1
k (x) + Ck is the inverse of the

original fk(x) since it is a bicontinuous function, and the
inverse of non-linear transfer is g−1

k (x) = x − A · (x � x),
which is easily proved according to the form of A.

Due to the intractability of the analytical solution to
maximization of log-likelihood, we alternatively estimate the
second parameter Rk using a hard responsibility assignment.
Thus, we classified the training dataset into K groups, which
was based on the posterior probability of the posterior of
latent variable γik,

Xk = {xi|γik > γij , k 6= j} (14)



where, we assigned any sample xi belonging to the k-th
group regarding the corresponding maximum posterior γik.
Then the Rk is estimated by eigenvalue decomposing the
sample covariance of each group of samples,

Rk := evdR[Σ(Xk)] (15)

As for the scaling parameter Sk for each CGM, since it
is derived from the sample covariance in the curved space,
we can estimate it by,

Sk := evdS

[∑N
i=1 γikfk(xi)fk(xi)>∑N

i=1 γik

]
(16)

Finally, Ak, the parameter for shaping the curves is esti-
mated by maximizing the object function Q(Θ,Θold), thus,
we calculate the partial derivative of it w.r.t. each curvature
ak,t in Ak,

∂Q(Θ,Θold)

∂ak,t
= −

N∑
i=1

γik

[
∂

∂ak,t
gk(yi)

]>
S−1[gk(yi)]

(17)
where, yi is the sample in the normalised space of the k-th
component, which is transferred from xi in the original space
by Eq. 1. Thus, if Eq. 17 equals to 0, ak,t can be analytically
solved. We unfolded the vector yi = (yi1, yi2, · · · , yid)> for
simplicity,

ak,t := −
∑N
i=1 γiky

2
i1yi(t+1)∑N

j=1 γiky
4
j1

(18)

The process of aforementioned parameter estimation was
summarised as Algorithm 1.

Algorithm 1 Parameter estimation for a CGMM
Require: Training sample set X. Number of member CGM
K
set Ck = k-means(X), Rk = evdR[Σ(X)], S =
evdS [Σ(X)], Ak = 0 {Initialisation}
repeat

for k = 1 to K do
πk ← Eqs. (12) {Updating the mixture coefficients}
Ck ← Eq. (13) {Updating C of each member CGM}
Rk ← Eqs. (14) and (15) {Updating R of each
member CGM}
Sk ← Eqs. (16) {Updating S of each member CGM}
Ak ← Eq. (18) {Updating A of each member CGM}

end for
L(Θ|X) =

∑N
i=1 lnG(xi|Θ)

until ∆L(Θ|X) 6 ε {Threshold of the of log-likelihood
increase for ceasing iteration}

IV. MOTION SKILL ENCODING USING CGMM
Our proposed CGMM and its parameter estimation al-

gorithm are quantitatively evaluated on different datasets
towards different aspects, to prove the data fitting capability
of a CGMM and the performance of our parameter estimation
framework. All our experiments are conducted on data of 2
different categories, which belong to Gaussian distributed
data, synthetic structured data and sensory data.

A. Model performance test
In this part of experiment, the CGMM and its parameter

estimation algorithm is evaluated on the synthetic structured
data. The training dataset we generated are highly non-linear
as displayed in Fig. 3, in which one dataset is sampled from
the graph of letter ‘O’ (N = 1149, d = 2) in Athelas font
and the other is randomly sampled around the helix (N =
2730, d = 3).

The model performance referred to the capability of data
fitting, we compared CGMM with the flat GMM and the
FGMM [9]. The iso-density contours in Fig. 3 gave visual
evidence to the fitting results. By comparing with standard
GMM using gaps between adjacent components to fit the
geometrical curves of spacial distributed data, our CGMM
is able to rely on both the gaps between components and the
arcs of every CGM in the model to achieve that. Thus, when
the complexity is low, our model is better at fitting data,
and when the complexity is high enough, even GMM has
enough gaps to encode all the curves in data, our model is
also superior at describing delicate structures of the training
data because of the curved principal axe.

More rigorously, Bayesian Information Criterion (BIC) is
applied as a quantitative metric in the following experiment.
The lower value of it the better a model fits a set of data,

bic = −2L(Θ|X) + ln(N)× nf(Θ) (19)

where, the model freedom nf(Θ) with certain mixture com-
ponent number K and dimension d of a CGMM is computed
as,

nf(Θ) = K − 1 + dK +
d(d− 1)

2
K + (d− 1)K (20)

At the beginning of the experiments, we allocated all the
initial clustering centres Ck by using k-means, all the initial
mixture coefficients as πk = 1/K, and the value of Rk and
Sk as the eigenvalue decomposition of the sample covariance
of the whole training dataset. The available curvatures in
CGMM and FGMM were set to 0. During experiments, we
kept all algorithms iteratively running for 200 times to ensure
the convergence of three models.

The results of model performance tests are displayed in
Fig. 4. The curves in each sub-figure mostly show decreases
trend of bic with the increases of component number K of
each mixture model, which means the model performance
of all mixture models benefit from the increase of model
complexity. However, in most of the time, the proposed
CGMM performs better then both GMM and FGMM. In
fitting the letter ‘O’, CGMM had the lowest bic even com-
pared with the flexible FGMM, except the global optimal had
not reached with limited time of iteration when K = 6. The
results of spring cloud points fitting showed that the CGMM
always outperforms the non-cured GMM. Besides, CGMM
and FGMM won each other in this experiment, but when
K = 3, 6, CGMM has a sharp leading ahead of FGMM.

B. Motion skill encoding test
A VR based motion tracking system was designed for data

collection, and built by Unity 3D with other tools such as
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Steam VR and Open VR. To collect the motion data for
our experiment, we let a human demonstrator to perform
10 different in the VR environment with one HTC vive
controller holding in hand and the other attached upon the
elbow in the same arm, as shown in Fig. 5(a). Those 10
motion skills including Bouncing a basketball (BO), Cutting
(CU), Drawing a circle in the air (CI), Hitting a ping-
pong (PP), Picking and placing (PI), Sawing (SA), Screwing
(SC), Playing tennis (TE), Throwing (TH), and Waving a
hand (WA) in Fig. 5(b), demonstrated by the human were
inspired by everyday activities. In experiment, they were
collected and stored as a sequence of the time indexed state
variable ξ = {(t, s>t )>}Tt=1 by the vive VR system at a sam-
pling frequency of 60Hz. During performance, when human
demonstrator kept holding the trigger on the controller in
hand, the system will detect and save the pose information of
two controllers. For a compact data storage, we represented
the positions of both controllers as a vector p = (x, y, z)>

and orientations as unit quaternions q = (v, ux, uy, uz)
>,

as illustrated in Fig. 5, so a state variable is arranged as a
14-dimensional vector st = (p>H , q>H , p>E , q>E)>, where the
subscript H for the variable of the controller in hand and E
for which upon the elbow.

Fig. 5. Motion collection system.

To validate the proposed CGMM in encoding multiple
demonstrations, we firstly collected 10 demonstration data of
the CU motion by the VR based system, which is denoted
as Ξ = {ξm}10

m=1 after temporal alignment using the DTW
[15]. Then skill demonstrations were encoded by a CGMM
with the proposed EM algorithm and the model fitting results
were shown in Fig. 6. From the empirical results in encoding
CU skill, both CGMM and GMM is regarded convergence
after 10 iteration steps, but the curved components in CGMM
fit more exactly than the component from the GMM duo to
the curved axe.

Similarly, 10 datasets were built from demonstrations of
all those 10 skills. Then, 10 independent CGMM were
trained by the algorithm 1 with K = 3 to encode those
10 skills. In the CGMM parameter learning process, log-
likelihoods L(Θ|Ξ) were applied as the metric to describe
the fitness of a model with the motion data. From the curves
of log-likelihood during training, the higher slope of CGMM
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during model training show that it converge quicker than the
GMM. Due to the high dimensional data generated by human
motions, the fitness of CGMM is much greater in terms of
likelihoods at h = 10 compared with the flat GMM.

V. CONCLUSION

In this paper, a novel CGMM was proposed as a mixture
model of CGMs, which were shaped along the curved princi-
pal axe with non-liner transfers to in each CGM. Compared
with the flat GMM, there are much more freedoms for a
CGMM to fit any dimensional data distributions which are
highly non-linear. In order to learn the optimal parameters of
a CGMM, we derived a dedicated parameter estimation algo-
rithm of the CGMM based on MLE theory, which contains
a E and M-step to iteratively estimate the parameters with
a given dataset. Finally, we conducted human motion data
encoding experiments to test the proposed CGMM. Empirical
results show a superior data fitting capability of our model,
especially in encoding high dimensional trajectory dataset,
which we collected via a novel VR based motion tracking
system. The dataset containing 10 different human motion
patterns was studied in this paper and the model encoding
result with them proved the parameter estimation algorithm
for CGMM had achieved a faster convergence and better en-
coding. In the future, we are going to derive the formulas for

incremental parameter estimation with CGMM. Moreover, a 
regression method to restore reference trajectories from a 
CGMM will also be studied within the robotics domain.

REFERENCES
[1] D. A. Reynolds, “Gaussian mixture models.” Encyclopedia of biomet-

rics, vol. 741, 2009.
[2] S. Calinon, F. Guenter, and A. Billard, “On learning the statistical

representation of a task and generalizing it to various contexts,” in
Proceedings 2006 IEEE International Conference on Robotics and
Automation, 2006. ICRA 2006. IEEE, 2006, pp. 2978–2983.

[3] D. Chen, G. Li, Y. Sun, J. Kong, G. Jiang, H. Tang, Z. Ju, H. Yu, and
H. Liu, “An interactive image segmentation method in hand gesture
recognition,” Sensors, vol. 17, no. 2, p. 253, 2017.

[4] T. Higuchi, N. Ito, S. Araki, T. Yoshioka, M. Delcroix, and T. Nakatani,
“Online mvdr beamformer based on complex gaussian mixture model
with spatial prior for noise robust asr,” IEEE/ACM Transactions on
Audio, Speech, and Language Processing, vol. 25, no. 4, pp. 780–
793, 2017.

[5] H. Rajaguru and S. K. Prabhakar, “Logistic regression gaussian
mixture model and softmax discriminant classifier for epilepsy clas-
sification from eeg signals,” in 2017 International Conference on
Computing Methodologies and Communication (ICCMC). IEEE,
2017, pp. 985–988.

[6] T. Bonald, “Expectation-maximization for the gaussian mixture
model,” 2019.

[7] J. K. Lin and P. Dayan, “Curved gaussian models with application
to the modeling of foreign exchange rates,” Computational Finance,
vol. 99, 1999.

[8] B. Zhang, C. Zhang, and X. Yi, “Active curve axis gaussian mixture
models,” Pattern recognition, vol. 38, no. 12, pp. 2351–2362, 2005.

[9] Z. Ju and H. Liu, “Fuzzy gaussian mixture models,” Pattern Recog-
nition, vol. 45, no. 3, pp. 1146–1158, 2012.

[10] C.-L. Shih and L.-C. Lin, “Trajectory planning and tracking control
of a differential-drive mobile robot in a picture drawing application,”
Robotics, vol. 6, no. 3, p. 17, 2017.

[11] A. J. Ijspeert, J. Nakanishi, and S. Schaal, “Learning rhythmic move-
ments by demonstration using nonlinear oscillators,” in Proceedings of
the ieee/rsj int. conference on intelligent robots and systems (iros2002),
no. CONF, 2002, pp. 958–963.

[12] S. Calinon, F. Guenter, and A. Billard, “On learning, representing,
and generalizing a task in a humanoid robot,” IEEE Transactions on
Systems, Man, and Cybernetics, Part B (Cybernetics), vol. 37, no. 2,
pp. 286–298, 2007.

[13] A. P. Dempster, N. M. Laird, and D. B. Rubin, “Maximum likelihood
from incomplete data via the em algorithm,” Journal of the Royal
Statistical Society: Series B (Methodological), vol. 39, no. 1, pp. 1–
22, 1977.

[14] T. Huang, H. Peng, and K. Zhang, “Model selection for gaussian
mixture models,” Statistica Sinica, pp. 147–169, 2017.

[15] P. Senin, “Dynamic time warping algorithm review,” Information
and Computer Science Department University of Hawaii at Manoa
Honolulu, USA, vol. 855, no. 1-23, p. 40, 2008.


